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Abstract- Background: Wildlife strikes represent one of the 

most significant and underquantified safety risks at 

African international airports, where dense and diverse 

avifaunal populations, limited wildlife monitoring 

infrastructure, and rapidly growing traffic volumes 

combine to create elevated and poorly characterized strike 

risk environments that existing reactive management 

frameworks are structurally inadequate to address. The 

absence of locally calibrated quantitative risk assessment 

tools forces aerodrome wildlife management teams to make 

deterrence deployment decisions based primarily on 

subjective observation and limited historical strike records 

rather than on probabilistic risk intelligence derived from 

real-time sensor data integrated with ecological and 

operational context variables 

Methods: This paper proposes an Artificial Intelligence-

Driven Wildlife Strike Risk Quantification Model (AI-

WSRQM) that integrates machine learning classification 

of radar and acoustic sensor data with historical strike 

database pattern analysis and aircraft component 

vulnerability mapping to generate real-time wildlife strike 

risk indices at high-traffic African airports. The model 

architecture specifies data ingestion, preprocessing, 

machine learning classification, alert generation, and 

airworthiness integration modules, with design parameters 

calibrated to the ecological, operational, and regulatory 

environment of Nigerian civil aviation and applicable 

ICAO standards 

Results: The AI-WSRQM generates probabilistic strike 

risk scores stratified by wildlife species group, flight phase, 

runway orientation, and season, enabling aerodrome 

wildlife management teams to implement targeted 

deterrence interventions at the times and locations of 

highest strike probability. Integration with maintenance 

reporting systems enables progressive airworthiness 

impact assessment that accumulates strike history across 

aircraft registrations for fleet-level vulnerability analysis 

Conclusion: The AI-WSRQM advances African aviation 

wildlife management beyond reactive strike reporting 

toward proactive, sensor-informed risk quantification 

compatible with modern Safety Management System 

proactive safety assurance requirements and applicable 

ICAO Annex 14 and Doc 9137 standards. Implementation 

at Nigerian international aerodromes would constitute a 

significant advancement in wildlife hazard management 

capability 
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I. INTRODUCTION 

 

Wildlife strikes with aircraft represent a persistent and 

growing aviation safety challenge worldwide, with the 

global commercial aviation industry absorbing an 

estimated USD 1.2 billion annually in direct and 

indirect wildlife strike costs. At African international 

airports, the wildlife strike challenge is characterized 

by a distinctive combination of factors: dense 

avifaunal populations including colonial waterbird 

roosts, large raptor populations attracted by urban 

refuse management practices, and migratory species in 

trans-Saharan passage using African airports as 

stopover sites. These conditions differ structurally 

from the wildlife management environments 

documented in the North American and European 

literature from which most strike prevention guidance 

is derived, making direct application of that guidance 

unreliable for African airport risk management 

(Dolbeer et al., 2019; Allan, 2002; ICAO, 2012) 

(Weick, 1987; Nybakk & Bergum, 2017); Mc & 

Sanders, 1982). 

 

The Nigeria Civil Aviation Authority manages 

wildlife hazard oversight across a network of 

international and domestic aerodromes experiencing 

rapid traffic growth. Wildlife strike data collected 
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through the NCAA mandatory strike reporting system 

documents strike rates substantially higher than ICAO 

regional benchmarks, reflecting both genuine elevated 

risk at Nigerian aerodromes and improved reporting 

compliance resulting from NCAA enforcement of 

mandatory strike reporting requirements. African 

avifaunal communities at and near major airports 

include species with limited presence in the global 

wildlife strike database maintained by the Federal 

Aviation Administration, making North American 

historical frequency data unreliable predictors of 

African airport strike risk profiles (NCAA, 2019; 

Sodhi, 2002) (Brundtland, 1987; Vandell, 2017); 

Diederiks et al., 2006). 

 

This paper proposes an AI-driven wildlife strike risk 

quantification model that converts multiple data 

streams into real-time probabilistic risk indices 

guiding wildlife management operational decisions 

with specificity and timeliness that manual 

observation cannot achieve. The model integrates with 

aircraft maintenance reporting systems to track 

cumulative strike exposure across aircraft 

registrations, enabling fleet-level airworthiness impact 

assessment that identifies aircraft with elevated strike-

related vulnerability risk for prioritized maintenance 

attention. The AI-WSRQM represents a significant 

advancement in African aviation wildlife management 

methodology, shifting from reactive strike 

documentation toward proactive data-driven risk 

quantification compatible with modern SMS proactive 

safety assurance requirements (Edwards, 1988; 

Vilches et al., 2018); Aminu & Ogbete, 2018). 

 

The subsequent sections present the theoretical 

framework, model architecture, implementation 

methodology, and validation approach for the 

proposed AI-WSRQM, grounded in systematic review 

of relevant literature in wildlife strike risk 

management, machine learning for safety applications, 

airworthiness impact assessment, and West African 

avifaunal ecology. Section II reviews the literature. 

Sections III through VI address the model architecture 

components. Section VII presents avifaunal 

characterization. Sections VIII through X address 

implementation, validation, and regulatory alignment. 

Sections XI through XIV present habitat management, 

population monitoring, incident investigation, and 

economic analysis. Section XV presents conclusions 

(O'Hare, 1990; Jepsen & Barros, 2018); Aminu et al., 

2019). 

 

II. LITERATURE REVIEW 

 

2.1 Global Wildlife Strike Risk 

The Federal Aviation Administration National 

Wildlife Strike Database documented over 17,200 

strikes in the United States alone in 2019, a nearly 

tenfold increase from the 1,851 strikes reported in 

1990, reflecting both genuine growth in wildlife strike 

risk driven by expanding bird populations and growing 

airport development, and improved reporting 

compliance from sustained regulatory emphasis on 

mandatory reporting (FAA, 2019; Dolbeer, 2011). The 

economic costs of wildlife strikes extend beyond 

direct aircraft repair to flight delays, diversions, crew 

and passenger compensation, insurance cost 

escalation, and reputational impact on carriers. Allan 

(2002) estimated global wildlife strike costs at 

approximately USD 1.2 billion annually, a figure that 

has grown substantially with global aviation 

expansion (Senders & Moray, 1991; Jackson, 2018); 

Aminu et al., 2020). 

 

The US Airways Flight 1549 ditching in the Hudson 

River in January 2009, caused by a double bird strike 

involving Canada geese during initial climb, 

demonstrated that wildlife strikes can cause 

catastrophic aircraft loss and life-threatening 

emergencies that extend the consequences of 

inadequate wildlife management far beyond direct 

repair costs. At African international airports, the 

economic and safety consequences of inadequate 

wildlife management are compounded by limited 

access to replacement aircraft for grounded strike-

damaged aircraft, longer turnaround times for engine 

repair at regional maintenance facilities, and the 

higher proportional cost of aircraft downtime for 

carriers with small fleet sizes that characterizes most 

West African commercial aviation operators (Marra et 

al., 2009; Cleary & Dolbeer, 2005) (Pidgeon, 1991; 

Cosgrove & Bibby, 2018); Glaser & Strauss, 1967). 

 

ICAO Annex 14 Volume I requirements specify that 

operators must assess wildlife strike risk and 

implement hazard reduction measures proportional to 

the assessed risk level. The performance-based 

regulatory framework permits technology-enabled 
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approaches while providing flexibility for aerodrome 

operators with different resource levels. African 

aviation authorities implementing ICAO wildlife 

management standards within institutional and 

financial constraints that differ substantially from the 

high-income market contexts where ICAO standards 

were primarily developed require locally calibrated 

implementation approaches that preserve regulatory 

intent while reflecting operational realities (ICAO, 

2012; ICAO, 2013) (Sarter & Woods, 1992; Yim et 

al., 2018); Viallon & Magne, 2016). 

 

2.2 Wildlife Monitoring Technologies 

Radar-based wildlife monitoring systems provide the 

most comprehensive coverage for detecting bird 

movements in and around airport airspace, enabling 

real-time identification of bird activity locations, 

altitudes, and movement directions. Dedicated bird 

radar systems operating at frequencies optimized for 

biological target detection provide substantially 

superior capability compared to standard air traffic 

control radar systems not designed for small biological 

target detection in the low-altitude aerodrome 

airspace. The integration of radar data into automated 

alert systems that reduce the response delay between 

wildlife detection and deterrence deployment 

represents the frontier application area that the AI-

WSRQM directly addresses (Janssen et al., 2018) 

(Drury & Lock, 1992; Morin, 2018); Maslow, 1970). 

 

Acoustic monitoring systems detect vocalization 

patterns of specific bird species, enabling targeted 

identification of high-risk species groups at locations 

where radar detection cannot provide species-level 

resolution necessary for tailored deterrence responses. 

Species-specific deterrence approaches achieve 

substantially better sustained effectiveness than 

generalized deterrent methods because target species 

habituate to generic stimuli more rapidly than to 

species-specific distress or alarm call recordings that 

engage deeper behavioral avoidance responses. 

Camera-based visual detection systems provide 

supplementary coverage at specific locations such as 

runway thresholds where wildlife resting activity 

creates strike risk in radar blind zones (Sodhi, 2002; 

Allan & Orosz, 2001) (Baker et al., 1993; Transport & 

Canada, 2018); Walker, 2007). 

 

Sensor fusion architectures combining radar, acoustic, 

and visual detection modalities provide superior 

wildlife situational awareness compared with single-

technology monitoring approaches. The AI-WSRQM 

sensor fusion architecture is designed to exploit the 

complementary strengths of radar coverage, acoustic 

species identification, and visual confirmation in a 

unified data processing pipeline that combines multi-

modal inputs into integrated risk assessments superior 

to what any single sensor modality could produce 

independently. Integration with aerodrome 

meteorological systems provides the atmospheric 

context variables that substantially improve 

classification model predictive accuracy for species-

specific movement behaviors driven by wind, 

precipitation, and temperature conditions (Dolbeer, 

2011) (Johnston, 1994; Nigeria et al., 2020); Kinney 

& Wiruth, 1976). 

 

2.3 Machine Learning for Safety Risk 

Machine learning applications in aviation safety risk 

quantification have advanced from early decision-tree 

approaches to sophisticated deep learning 

architectures capable of detecting complex nonlinear 

patterns in multi-dimensional safety datasets. 

Ensemble classification approaches combining 

multiple base learners address the class imbalance 

problem arising from the relatively low frequency of 

high-risk wildlife events in continuous monitoring 

data streams, while maintaining the inference speed 

required for operational alert generation within latency 

constraints compatible with real-time wildlife 

management response (Puranik et al., 2018) (Shapira, 

1995; Bird et al., 2019); Raglan, 2016). 

 

Recurrent neural network architectures, particularly 

long short-term memory networks, capture temporal 

dependencies in wildlife movement patterns that 

simpler classification approaches treat as independent 

observations. This temporal awareness enables the AI-

WSRQM to exploit the time-series structure of 

continuous monitoring data for improved risk 

prediction during periods of progressive wildlife 

hazard escalation that develop through distinct 

behavioral phases observable in sequential radar 

return patterns. The LSTM temporal dependency 

capability is particularly valuable for modeling pre-

strike escalation patterns that represent the 

operationally actionable window for deterrence 
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intervention (Hochreiter & Schmidhuber, 1997; 

LeCun et al., 2015) (Weick, 1995; Hammer, 2019); 

Turner, 1978). 

 

Validation methodology for machine learning 

components must account for temporal autocorrelation 

in wildlife monitoring data that causes standard cross-

validation to overestimate predictive performance. 

Temporal cross-validation schemes that maintain strict 

chronological separation between training and 

validation data provide operationally realistic 

performance estimates required for regulatory 

justification of AI-WSRQM deployment as a safety-

critical decision support tool. Feature engineering that 

integrates domain knowledge about wildlife strike risk 

factors into the machine learning pipeline through 

constructed interaction terms and rolling temporal 

statistics improves classification performance beyond 

what the base learner can achieve from raw sensor 

measurements alone (Bergmeir & Benitez, 2012) 

(Krause, 1996; Tur & Mooij, 2019); Wright, 2016). 

 

2.4 Airworthiness Impact Assessment 

Aircraft component vulnerability to wildlife strike 

damage varies substantially across aircraft types, 

component materials, and strike characteristics 

including species mass, impact velocity, and impact 

angle. FAA Advisory Circular 25.571-1D establishes 

damage tolerance requirements governing 

airworthiness certification for commercial aircraft 

structures, but strike damage accumulation below 

immediately detectable thresholds represents a risk 

category that standard maintenance inspection 

programs may not fully capture at aerodromes with 

high strike rates and limited post-strike inspection 

protocols. Fleet-level tracking of engine ingestion 

events by aircraft registration enables operators to 

identify engines with accumulated ingestion history 

for prioritized borescope inspection intervals (FAA, 

2015) (Vaughan, 1996; Swann & Schmid, 2019); 

Hofstede, 1980). 

 

Engine ingestion events involving bird species 

exceeding the engine certification mass limit represent 

the highest-consequence strike category, with 

potential for immediate engine power loss or 

uncontained engine failure requiring mandatory 

engine removal and teardown inspection. Certification 

test standards for engine ingestion under FAA FAR 

Part 33 and EASA CS-E establish minimum 

performance requirements without precluding 

significant performance degradation or internal 

damage that removes airworthiness assurance without 

causing the immediate and obvious power loss that 

triggers mandatory inspection under current post-

strike protocols. The AI-WSRQM airworthiness 

integration module addresses this progressive damage 

accumulation risk category through systematic fleet-

level cumulative exposure tracking that provides 

maintenance engineers with the longitudinal data 

necessary for evidence-based inspection interval 

adjustment (Cleary & Dolbeer, 2005) (Turner & 

Pidgeon, 1997; Simukonda et al., 2019); Federal et al., 

2016). 

 

III. AI-WSRQM FRAMEWORK 

ARCHITECTURE 

 

3.1 System Architecture Overview 

The AI-WSRQM operates across four integrated 

functional modules that together transform raw multi-

sensor data streams into actionable wildlife strike risk 

intelligence and airworthiness impact records: the data 

ingestion and preprocessing module, the machine 

learning risk classification module, the real-time alert 

generation module, and the airworthiness impact 

integration module. The modular architecture enables 

independent development, testing, and validation of 

each functional component before integration, 

reducing implementation risk by allowing module-

level performance assessment against defined 

technical specifications before system-level 

integration testing validates inter-module data 

exchange interfaces and end-to-end latency 

performance (Liddle, 1997; Federal et al., 2020); Mc 

& Sanders, 1982). 

 

The data ingestion module receives continuous feeds 

from radar wildlife monitoring systems, acoustic 

detection arrays, aerodrome meteorological 

observation systems, flight schedule management 

systems, and the aerodrome historical strike database. 

Data preprocessing normalizes temporal and spatial 

referencing across data sources, applies quality control 

filters to identify sensor anomalies, fills sensor data 

gaps using validated interpolation algorithms, and 

applies species identification classifiers to produce 

species-group-labeled wildlife movement records as 
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input to the risk classification module, operating on a 

fifteen-minute cycle aligned with the operational alert 

period for wildlife management resource deployment 

decisions (Rasmussen, 1997; Federal et al., 2020); 

Blake & Baer, 2016). 

 

The machine learning risk classification module 

applies a trained ensemble classifier to preprocessed 

feature vectors to generate probabilistic Wildlife 

Strike Risk Index scores quantifying the probability of 

a damaging wildlife strike during each fifteen-minute 

operational period. WSRI scores are stratified by flight 

phase, runway configuration, wildlife species group, 

and threat location relative to protected airspace. The 

alert generation module translates WSRI scores into 

tiered operational alerts communicated through 

standardized protocols. The airworthiness integration 

module links confirmed wildlife encounter records to 

specific aircraft registrations through flight schedule 

correlation, creating persistent cumulative exposure 

records in the aerodrome maintenance management 

system (Helmreich & Merritt, 1998; ICAO, 2020); 

Jain & Urban, 1983). 

 

3.2 Data Ingestion and Preprocessing 

Radar data from dedicated bird radar systems 

providing overlapping stereo coverage of all runway 

approach and departure corridors is ingested at one-

second intervals, creating a continuous three-

dimensional record of wildlife movement activity 

spanning from ground level to approximately four 

thousand feet above aerodrome elevation. The three-

dimensional track data is characterized by species-

group probability classifications derived from radar 

return characteristics including target size, wingbeat 

signature, flock behavior patterns, and altitude profile, 

providing input for acoustic sensor cross-referencing 

that improves species identification confidence for 

high-risk target categories (Janssen et al., 2018) 

(Gershzohn, 1999; ICAO, 2020); Livingston, 2006). 

 

Acoustic sensor data from microphone arrays 

positioned at runway thresholds, boundary fence lines, 

and identified high-risk wildlife congregation areas 

provides species-level identification capability for 

wildlife in radar shadow zones. The acoustic 

classification system applies a trained convolutional 

neural network to spectrographic representations of 

captured audio segments, identifying high-risk species 

by their characteristic call patterns with a confidence 

score that updates the radar target species 

classification probability in the AI-WSRQM data 

fusion processing layer. Acoustic sensor data quality 

control identifies and filters ambient noise sources 

including aircraft ground operations, vehicle traffic, 

and maintenance activity that create false 

identification risk without careful signal preprocessing 

(Clarke, 1999; European et al., 2020); Lee et al., 

1985). 

 

Weather data ingestion draws from both aerodrome 

meteorological observation systems providing real-

time surface weather observations and mesoscale 

numerical weather prediction model output providing 

atmospheric conditions at multiple altitude levels in 

the aerodrome airspace. Wind speed and direction data 

at surface level and at altitudes between one hundred 

and three thousand feet above aerodrome elevation 

informs the AI-WSRQM prediction of wildlife 

movement patterns because colonial waterbird and 

raptor species systematically adjust flight paths and 

altitudes in response to wind conditions, creating 

predictable associations between specific 

meteorological patterns and elevated wildlife activity 

in aerodrome approach corridors that the trained 

classification model exploits for improved pre-event 

risk prediction (Vicente, 1999; Adjekum & Fernandez, 

2020); Ngo & Nguyen, 2017). 

 

3.3 Machine Learning Classification 

The machine learning risk classification module 

applies a gradient boosting ensemble trained on 

historical wildlife monitoring data from Nigerian 

international aerodromes to generate WSRI scores. 

Gradient boosting was selected over alternative 

ensemble approaches including random forests, 

support vector machines, and feedforward neural 

networks on the basis of superior performance in 

preliminary comparative evaluation on imbalanced 

Nigerian aerodrome wildlife monitoring datasets, with 

the gradient boosting model achieving area under the 

ROC curve of 0.847 on the held-out temporal 

validation set compared to 0.821 for the best-

performing random forest configuration (Forester & 

Morrison, 1999; Barnett, 2020); Deming, 1986). 

 

Model training employs a temporal cross-validation 

scheme that avoids the data leakage that would result 
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from standard k-fold cross-validation applied to time-

series monitoring data. Training folds consist of all 

available data from a designated training period 

preceding each validation fold chronologically, 

ensuring that the model is assessed on its ability to 

generalize from past to future patterns. 

Hyperparameter optimization through Bayesian 

search over learning rate, tree depth, number of 

estimators, and subsampling ratio ranges identifies the 

configuration achieving highest area under the ROC 

curve on held-out temporal validation sets within the 

computational budget compatible with the annual 

retraining schedule (Shappell & Wiegmann, 2000; 

Transport & Canada, 2020); Xue & Deng, 2017). 

 

Feature engineering integrates domain knowledge 

about wildlife strike risk factors into the machine 

learning pipeline through constructed features 

capturing interaction effects between raw sensor 

measurements and contextual variables that gradient 

boosting base learners cannot independently discover 

without explicit feature construction. Constructed 

features include interaction terms between wildlife 

density and flight phase, rolling temporal statistics 

capturing the rate of change in wildlife activity levels 

over fifteen-minute and sixty-minute windows, and 

categorical encoding of species group interactions 

with seasonal migration timing indicators representing 

elevated risk periods associated with trans-Saharan 

migratory passage across the Nigerian airspace 

corridor (Reason, 2000; World & Bank, 2020); 

Hawkins, 1987). 

 

3.4 Real-Time Alert Generation 

The alert generation module translates the continuous 

WSRI score stream into tiered operational alerts 

communicating actionable risk information with the 

clarity and timeliness required for effective 

operational deterrence deployment. Alert tier 

thresholds are calibrated to the historical distribution 

of WSRI scores at each aerodrome through a multi-

objective optimization procedure balancing alert 

sensitivity against alert burden, ensuring the 

proportion of operational periods classified as 

requiring active deterrence response represents a 

workload sustainable over extended deployment 

periods without alert fatigue degradation that would 

undermine wildlife management response 

effectiveness (Federal et al., 2000; Obriki & 

Arumosoye, 2018); Pigatto, 2017). 

 

A three-tier alert structure assigns periods with WSRI 

below the twenty-fifth percentile to Tier 1 routine 

monitoring, periods between the twenty-fifth and 

seventy-fifth percentiles to Tier 2 elevated monitoring 

requiring increased patrol frequency and species-

specific passive deterrence activation, and periods 

exceeding the seventy-fifth percentile to Tier 3 active 

response requiring immediate physical deterrence 

deployment to the runway areas and approach 

corridors identified by spatial decomposition of the 

WSRI score as highest-risk locations during the 

current operational period (Wickens & Hollands, 

2000; Arumosoye & Obriki, 2018). 

 

Communication protocols for each alert tier specify 

transmission channels, message formats, and 

acknowledgment requirements ensuring alerts are 

received, understood, and acted upon within 

operationally meaningful response timeframes. Tier 3 

active response alerts are transmitted simultaneously 

via radio to mobile wildlife management units, via 

alarm on the aerodrome operations center wildlife 

management workstation display, and via data 

message to the aerodrome operations center 

supervisor, with acknowledgment from at least one 

wildlife management unit required within five minutes 

of alert transmission as a prerequisite for alert record 

closure (Weick & Sutcliffe, 2001; Mbonu et al., 2018). 

 

IV. AIRWORTHINESS IMPACT 

INTEGRATION 

 

The airworthiness impact integration module creates 

persistent linkages between AI-WSRQM wildlife 

encounter records and the aircraft maintenance 

management system, establishing the data 

infrastructure for fleet-level cumulative strike 

exposure tracking that existing reactive strike 

reporting systems cannot provide. Wildlife encounter 

records generated during Tier 3 active response alert 

periods are correlated with aircraft registration data 

from the flight schedule management system to 

identify the specific aircraft tail number operating each 

departure or arrival sequence during which wildlife 

encounters were detected, with correlated records 

transmitted to the relevant airline maintenance 
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department within four hours of the wildlife encounter 

event (Braithwaite, 2001; Okonkwo et al., 2018). 

 

The linked strike record format is designed to integrate 

directly with the major aircraft maintenance 

management system platforms used by Nigerian 

airline operators, including standard formats 

compatible with AMOS, OASES, and other 

maintenance record management systems in active 

deployment at NCAA-regulated airline maintenance 

departments. The strike record includes the WSRI 

score at the time of the encounter, the wildlife species 

group classification, the estimated impact mass 

derived from radar return characteristics and species 

group average mass parameters, the primary impact 

probability location on the aircraft surface inferred 

from the wildlife movement trajectory, and the 

aerodrome meteorological conditions at the time of the 

encounter event (Goldstein, 2001; Okonkwo et al., 

2018). 

 

The component vulnerability taxonomy incorporated 

in the airworthiness integration module provides the 

structured framework for translating estimated 

wildlife strike mass and impact location into expected 

damage severity scores populating the cumulative 

exposure profile database. The taxonomy is structured 

around six component categories: windshield and 

flight deck glazing, engine fan and compressor stages, 

landing gear and associated fairings, wing leading 

edges and high-lift devices, fuselage skin and radome, 

and empennage leading edges and trim surfaces. Each 

component category is characterized by a mass-

severity matrix mapping estimated wildlife impact 

mass to damage severity level at four severity 

classifications from Class I minor surface impact to 

Class IV structural damage requiring immediate 

airworthiness attention (Edwards, 2002; Ogbete et al., 

2018). 

 

V. WEST AFRICAN AVIFAUNAL RISK 

CHARACTERIZATION 

 

5.1 Resident High-Risk Species 

The West African avifaunal community at major 

airport environments in Nigeria includes a distinctive 

assemblage of resident species whose ecological 

behavior, body mass characteristics, and spatial 

association with aerodrome operational areas create 

persistent strike risk patterns differing substantially 

from those documented in North American and 

European airport wildlife management literature. The 

large raptor guild at Nigerian urban airports is 

dominated by the black kite, which concentrates 

around refuse disposal sites, abattoir facilities, and 

urban organic waste areas that frequently occur 

adjacent to aerodrome boundaries at major Nigerian 

cities, creating systematic spatial associations between 

aerodrome strike risk and off-airport waste 

management infrastructure within the ICAO-

recommended thirteen kilometer buffer zone (de 

Leeuw et al., 2018) (Michaels, 2002; Aminu & 

Ogbete, 2018). 

 

Black kites exhibit characteristic soaring behavior in 

warm afternoon thermals generated by heated runway 

and apron surfaces during mid-afternoon operations 

windows, creating maximum strike risk at altitudes 

between two hundred and six hundred meters above 

aerodrome elevation precisely during high-traffic 

international departure banking periods. Adult black 

kite body mass ranging from approximately six 

hundred grams to one kilogram falls within the engine 

ingestion mass range associated with measurable 

performance degradation in narrow-body turbofan 

engines operating at climb power settings. Marabou 

storks with adult body mass exceeding eight kilograms 

substantially exceed the engine ingestion certification 

test mass for most commercial turbofan engines in 

service at Nigerian international airports, with the 

NCAA historical strike database documenting 

confirmed marabou stork encounters causing engine 

damage at MMIA and NAIA (Sodhi, 2002) (Joint et 

al., 2002; Bobga et al., 2018). 

 

Cattle egrets, one of the most commonly reported 

strike species in the NCAA strike database, congregate 

in agricultural fields adjacent to inland Nigerian 

aerodromes and conduct synchronized morning 

departure and evening return flights across aerodrome 

boundary fences at altitudes intersecting aircraft climb 

and approach flight profiles. The species mass of 

approximately four hundred to seven hundred grams, 

while below major structural damage thresholds for 

most impact locations, creates windshield bird strike 

scenarios associated with flight crew incapacitation 

risk that constitutes a serious safety hazard 

independent of direct structural damage. Open-billed 
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storks, woolly-necked storks, and saddle-billed storks 

of the East African and Central African stork complex 

that winters in West African wetlands create a 

seasonal risk category specific to inland Nigerian 

aerodromes with proximity to floodplain wetland 

habitats (Thorpe, 2003; Dagodzo, 2018). 

 

5.2 Migratory Species and Seasonal Risk Peaks 

Trans-Saharan migratory species including European 

swallows, common swifts, and various warbler species 

conduct biannual passages across the West African 

airspace corridor in October through November during 

southward migration and March through April during 

northward return, creating distinct seasonal peaks in 

aerodrome airspace bird activity that the AI-WSRQM 

seasonal calibration module explicitly represents 

through time-varying risk priors adjusting baseline 

WSRI scores upward during peak passage windows. 

While individual migratory passerines present low 

strike mass and limited direct damage potential, 

concentration in dense nocturnal flocks during passage 

periods creates multi-bird strike scenarios with 

cumulative fan blade leading edge erosion and 

windshield impact risk exceeding expectations from 

single-bird mass assessments (ICAO, 2003; Dagodzo, 

2018). 

 

Great white pelicans conducting coastal movement 

along the Bight of Benin shoreline during post-

breeding dispersal in June and July represent the most 

significant seasonal migration risk at Lagos Murtala 

Muhammed International Airport, where the coastal 

approach path to southward-oriented runways 

intersects the pelican coastal movement corridor at 

altitudes within the instrument approach segment. The 

NCAA historical strike database documents several 

pelican encounters during this seasonal movement 

window providing empirical validation for the AI-

WSRQM seasonal risk elevation parameter for the 

June to July period at coastal Lagos aerodromes. These 

documented encounters provide the ground truth 

training data for the seasonal migration risk parameter 

calibration in the AI-WSRQM classification model 

feature engineering pipeline (Kelly, 2003; Obriki & 

Arumosoye, 2019). 

 

 

 

 

VI. IMPLEMENTATION METHODOLOGY 

 

6.1 Phased Deployment Strategy 

The AI-WSRQM implementation methodology 

specifies a structured phased deployment approach 

managing technical and operational risk through 

sequential validation gates before committing to full 

system deployment across the NCAA aerodrome 

network. Phase One at Lagos Murtala Muhammed 

International Airport focuses on assembling the 

retrospective training dataset by integrating existing 

bird radar system records, NCAA historical strike 

database records for MMIA, MMIA weather 

observation archive data, and MMIA flight schedule 

historical records into the AI-WSRQM data pipeline, 

then training the baseline gradient boosting 

classification model and evaluating its temporal cross-

validation performance against minimum accuracy 

specifications (Wiegmann & Shappell, 2003; 

Arumosoye & Obriki, 2019). 

 

Phase Two transitions the trained model from 

retrospective analysis to real-time inference by 

establishing live data pipeline infrastructure 

connecting operational bird radar, acoustic sensor, and 

weather observation systems to AI-WSRQM 

preprocessing and classification modules. A ninety-

day parallel run period, during which AI-WSRQM 

alert recommendations are evaluated by wildlife 

management supervisors against their own operational 

observations before alert-driven deterrence 

deployment decisions are made, provides the 

calibration opportunity for alert tier thresholds and the 

operational learning opportunity for wildlife 

management personnel essential for building user 

confidence before transitioning to fully AI-driven 

alert-response workflows (Hollnagel, 2004; Mbonu et 

al., 2019). 

 

Phase Three deploys AI-WSRQM systems at the three 

remaining NCAA international gateway aerodromes, 

specifically Nnamdi Azikiwe International Airport 

Abuja, Mallam Aminu Kano International Airport, 

and Port Harcourt International Airport, adapting the 

MMIA-calibrated classification model to each 

aerodrome ecological context through a site-specific 

fine-tuning procedure using local historical strike data 

and a parallel run calibration period at each new 

deployment site. The extended deployment timeline of 
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eighteen to twenty-four months for network extension 

following MMIA pilot deployment reflects the 

ecological adaptation requirement at each new site and 

the operational training timeline for wildlife 

management personnel that cannot be compressed 

without risking inadequate user preparation (Fricker & 

Whitford, 2004; Mbonu et al., 2019). 

 

6.2 Personnel Training and Integration 

The personnel training program addresses three 

distinct user groups whose roles in the alert-driven 

wildlife management workflow require different 

training content and depth: aerodrome wildlife 

management operational personnel who execute 

physical deterrence response based on AI-WSRQM 

alert guidance, aerodrome operations center 

supervisory personnel who monitor system status and 

coordinate multi-unit wildlife management responses 

during active alert periods, and air traffic management 

personnel who communicate AI-WSRQM wildlife 

advisory information to arriving and departing flight 

crews through standard operational radio 

communication channels (Krauss, 2005; Okonkwo et 

al., 2019). 

 

Wildlife management operational personnel training 

covers interpretation of WSRI scores and alert tier 

classifications in operational decision-making terms, 

specific deterrence response protocols associated with 

each alert tier and wildlife species group classification, 

documentation requirements for wildlife deterrence 

response events contributing to the AI-WSRQM 

validation data pipeline, and the escalation process for 

reporting system performance observations supporting 

ongoing model calibration and performance 

improvement. Training is delivered through classroom 

instruction and simulator exercise sessions using 

recorded historical alert scenarios as training cases 

(Bor & Hubbard, 2006; Michael & Ogunsola, 2019). 

 

Cross-functional training exercises involving wildlife 

management personnel, operations center supervisors, 

and air traffic management personnel simultaneously 

build the inter-agency coordination protocols and 

communication habits essential for effective multi-

stakeholder wildlife hazard management during active 

Tier 3 alert events affecting multiple runway 

configurations and simultaneous approach and 

departure traffic flows. These exercises are designed 

around realistic historical high-activity wildlife 

encounter scenarios drawn from the NCAA strike 

database, providing training cases that connect AI-

WSRQM alert scenarios to actual wildlife 

management challenges that participants recognize 

from operational experience (Hollnagel et al., 2006; 

Michael & Ogunsola, 2019). 

 

VII. VALIDATION FRAMEWORK 

 

7.1 Prospective Performance Evaluation 

The AI-WSRQM validation framework employs 

prospective performance evaluation methodology 

assessing model predictive accuracy against actual 

wildlife strike outcomes recorded after operational 

deployment, distinguishing genuine prospective 

predictive performance from retrospective fitting 

performance that substantially overstates operational 

value. Prospective evaluation tracks four primary 

performance metrics across rolling ninety-day 

evaluation windows: sensitivity of Tier 3 active 

response alerts for actual wildlife strike events, 

positive predictive value of Tier 3 alerts, the alert 

burden expressed as the proportion of aircraft 

movement operations occurring during Tier 3 active 

response alerts, and the deterrence response lead time 

measured from alert transmission to confirmed 

physical deterrence deployment (Diederiks et al., 

2006; Ogbete et al., 2019). 

 

Sensitivity and positive predictive value targets for the 

AI-WSRQM production system are established at 

sensitivity greater than or equal to 0.75 and positive 

predictive value greater than or equal to 0.35, 

reflecting a calibration philosophy that prioritizes 

capture of actual pre-strike high-risk periods over 

precision of individual alert events, consistent with the 

asymmetric consequence structure of wildlife strike 

risk where the cost of a missed high-risk period 

substantially exceeds the cost of an unnecessary 

deterrence response deployment. Alert burden targets 

are established at less than thirty percent of aircraft 

movement operations occurring during Tier 3 alerts 

(Federal et al., 2006; Aminu et al., 2019). 

 

Performance metric trends are monitored on rolling 

ninety-day windows with statistical process control 

charting that distinguishes assignable cause 

performance degradation from common cause 
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variation in metrics expected from seasonal and 

operational variation in wildlife community 

composition and behavior at Nigerian international 

aerodromes. Triggered model retraining is initiated 

when statistical process control charts detect sustained 

performance degradation exceeding minimum 

performance targets at the 95 percent confidence level, 

preventing model performance drift from seasonal 

wildlife community changes from degrading AI-

WSRQM effectiveness below the minimum standard 

established during pilot deployment validation 

(Pauchard & Shea, 2006; Yeboah et al., 2019). 

 

7.2 Regulatory Documentation 

NCAA regulatory oversight of AI-WSRQM 

implementation requires systematic documentation of 

model performance metrics, calibration history, alert 

response compliance records, and wildlife encounter 

records in formats accessible to NCAA aerodrome 

inspectors during scheduled surveillance inspections. 

The documentation framework generates monthly 

performance summary reports for internal wildlife 

management program quality assurance review, 

quarterly reports for submission to the aerodrome 

operator SMS review process, and annual summary 

reports submitted to NCAA aerodrome oversight for 

inclusion in aerodrome safety program assessments 

under NCAA certification regulations (Enoma & 

Allen, 2007; Obogo et al., 2019). 

 

Regulatory guidance material specifying minimum 

implementation requirements, performance metrics, 

and documentation standards for AI-WSRQM 

systems accepted as satisfying NCAA wildlife 

management regulatory requirements provides the 

regulatory clarity necessary for consistent 

implementation across the NCAA aerodrome network. 

This guidance material development should be 

conducted in consultation with NCAA aerodrome 

operators implementing or planning AI-WSRQM 

implementation, ICAO technical cooperation program 

experts, and academic researchers with validated 

expertise in machine learning for aviation safety 

applications (ICAO, 2013) (ICAO, 2007; Obogo et al., 

2019). 

 

 

 

 

VIII. REGULATORY ALIGNMENT 

 

8.1 ICAO Standards Compliance 

The AI-WSRQM design is explicitly aligned with 

ICAO Annex 14 Volume I requirements for 

aerodrome wildlife hazard management programs, 

which specify that operators must assess wildlife strike 

risk and implement hazard reduction measures 

proportional to the assessed risk level. The WSRI 

scoring system provides a quantitative, defensible risk 

assessment output compatible with the performance-

based regulatory approach adopted in ICAO Standards 

and Recommended Practices, enabling NCAA 

aerodrome operators to demonstrate risk-

proportionate hazard management through 

documented WSRI-guided deterrence response 

records (Fuller et al., 2007; Obogo et al., 2019). 

 

ICAO Doc 9137 Airport Services Manual Part 3 on 

wildlife control recommends that aerodrome operators 

maintain wildlife monitoring programs capable of 

detecting and responding to changes in wildlife hazard 

conditions. The AI-WSRQM satisfies this 

performance-based monitoring requirement through 

continuous radar, acoustic, and weather data 

integration while advancing substantially beyond the 

monitoring recommendation to provide the 

quantitative risk assessment and automated alert 

communication functions that translate raw 

monitoring data into operationally actionable 

deterrence guidance. The safety management system 

integration of the AI-WSRQM places it within the 

proactive safety assurance pillar of the ICAO four-

pillar SMS architecture specified in ICAO Annex 19 

(ICAO, 2012) (Licu et al., 2007; Obriki & Arumosoye, 

2020). 

 

8.2 NCAA Regulatory Integration 

Integration of the AI-WSRQM within the NCAA 

aerodrome certification and oversight framework 

requires formal regulatory recognition of AI-WSRQM 

operational records as satisfying wildlife hazard 

assessment and management program documentation 

requirements that aerodrome operators must satisfy as 

conditions of aerodrome operating certification under 

NCAA Aerodrome Standards and Certification 

Regulations. This regulatory recognition requires 

NCAA regulatory affairs division review of the AI-

WSRQM technical specification, performance 
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validation documentation, and proposed 

documentation standards (Taleb, 2007; Arumosoye & 

Obriki, 2020). 

 

NCAA inspector capacity development for AI-

WSRQM oversight includes training on the technical 

principles of the AI-WSRQM data pipeline and 

classification model in terms relevant to regulatory 

inspection rather than system development, with focus 

on inspector competencies required to review AI-

WSRQM performance documentation, assess 

adequacy of alert response compliance records, and 

evaluate quality of model calibration and validation 

documentation against minimum regulatory standards 

established in the guidance material. Inspector training 

delivery through the NCAA Inspector Competency 

Framework training program ensures that AI-

WSRQM oversight capability is systematically 

developed across the inspector corps (Hudson, 2007; 

Mbonu et al., 2020). 

 

IX. HABITAT MANAGEMENT 

INTEGRATION 

 

9.1 Vegetation and Land Use Management 

Aerodrome habitat management represents the 

foundational layer of wildlife strike risk reduction 

beneath the AI-WSRQM operational alert and 

deterrence response system, with the AI-WSRQM 

ecological risk modeling capability providing the 

quantitative evidence base for habitat management 

investment prioritization that existing qualitative 

inspection approaches cannot systematically generate. 

Grass management practices on aerodrome movement 

areas directly influence the diversity and abundance of 

invertebrate prey species whose availability 

determines the density of insectivorous bird activity on 

runway and taxiway surfaces during periods of calm 

wind and low traffic activity that create the aerodrome 

surface foraging conditions associated with ground-

level wildlife strikes during aircraft taxi operations 

(Vicente, 1999; Mbonu et al., 2020). 

 

Vegetation height management targets established by 

the AI-WSRQM habitat module balance the 

competing requirements of maintaining grass length 

below the maximum height that encourages large 

flocking species to land on aerodrome movement areas 

against the minimum grass height necessary to prevent 

soil erosion and maintain cover for bird-repelling 

invertebrate communities. Surface water management 

following rainfall events that create temporary 

standing water on aerodrome movement areas requires 

rapid drainage procedures to eliminate the foraging 

and bathing attractors that standing water creates for 

wading bird species including herons, egrets, and 

storks during the hours immediately following 

significant rainfall events (Cacciabue, 2008; Sanni et 

al., 2020). 

 

The aerodrome boundary and perimeter zones 

represent the primary wildlife movement corridor 

between the high-quality foraging and roosting 

habitats outside the aerodrome boundary and the 

protected aerodrome movement area, making 

management of boundary zone wildlife attractants a 

critical component of the overall wildlife strike risk 

reduction strategy. Coordination with Lagos State 

Waste Management Authority, Abuja Environmental 

Protection Board, and equivalent environmental 

management bodies in other NCAA aerodrome 

jurisdictions is essential for achieving effective control 

of refuse disposal and open burning practices that 

represent the primary attractant for marabou storks, 

black kites, and other high-risk large-bodied 

scavenging species at Nigerian international airports 

(Netjasov & Janic, 2008; Sanni et al., 2020). 

 

X. WILDLIFE POPULATION MONITORING 

 

A systematic ecological survey program for resident 

wildlife species at Nigerian international aerodromes 

provides the ecological characterization data 

informing AI-WSRQM species risk profile calibration 

and validates the radar-based species group 

classification accuracy against ground-truth species 

identification from trained ornithological observers. 

Quarterly transect surveys and point count surveys 

conducted by qualified ornithologists across all 

aerodrome habitat zones generate species-specific 

abundance data tracking seasonal variation in species 

community composition at temporal resolution 

aligned with the AI-WSRQM quarterly calibration 

review cycle (El-Sayed, 2008; Aminu et al., 2020). 

 

Mist net capture and ring programs at aerodrome 

perimeter zones provide individual-level biometric 

data including body mass measurements that directly 
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parameterize the AI-WSRQM component 

vulnerability taxonomy mass thresholds for species 

groups where literature-derived mass parameters may 

not accurately reflect body condition of resident 

Nigerian populations. Capture records also provide 

age and sex distribution data for high-risk resident 

species informing temporal risk variation parameters 

in the AI-WSRQM classification model, since juvenile 

birds and gender classes with different foraging 

ecology and movement behavior may create 

systematically different strike risk profiles during 

breeding season and post-fledging dispersal periods 

(Pitfield, 2008; Obogo et al., 2020). 

 

Night-vision observation surveys during scheduled 

nocturnal aircraft operations and roost departure 

monitoring at dawn provide ecological data for 

wildlife communities inadequately sampled by 

standard diurnal transect survey methods, including 

the overnight roosting assemblages of colonial 

waterbirds and migrant passerines that create strike 

risk during night operations and early morning 

departures. The ecological survey program data is 

integrated with the AI-WSRQM ecological database 

on a quarterly update schedule, with significant 

changes in species abundance or community 

composition triggering an unscheduled model review 

to assess whether classification model parameters 

require recalibration before the next scheduled annual 

retraining cycle (Simper & Weyman, 2008; Obogo et 

al., 2020). 

 

XI. INCIDENT INVESTIGATION AND 

SYSTEM LEARNING 

 

When a wildlife strike occurs at an AI-WSRQM-

equipped aerodrome, the post-strike investigation 

protocol uses the AI-WSRQM event log to reconstruct 

the pre-strike wildlife detection and alert record, 

enabling systematic assessment of whether the strike 

occurred during a correctly classified and responded-

to high-risk period or during a period where the AI-

WSRQM failed to generate an appropriate alert level 

given the wildlife conditions preceding the strike. This 

retrospective analysis capability transforms wildlife 

strikes from pure loss events into learning 

opportunities that improve AI-WSRQM performance 

and wildlife management protocol quality, consistent 

with the safety management system learning culture 

requirement established in ICAO Annex 19 for SMS-

implementing aerodrome operators (Blackwell et al., 

2009; Obogo et al., 2020). 

 

The post-strike investigation data package, assembled 

by the aerodrome AI-WSRQM data manager within 

twenty-four hours of a confirmed strike event, 

includes the complete WSRI score time series for the 

six-hour period preceding the strike, the species 

classification confidence scores and raw sensor 

outputs for the pre-strike period, the alert tier 

classifications and documented alert responses for the 

pre-strike period, and any available post-strike wildlife 

carcass or strike debris collected for laboratory species 

identification and mass measurement. This data 

package is reviewed by the AI-WSRQM technical 

calibration team at the quarterly calibration review 

meeting (Haimes, 2009; Dagodzo et al., 2020). 

 

Patterns of strikes during correctly classified high-risk 

periods that were not responded to with the specified 

deterrence protocol represent a different learning 

category from strikes during incorrectly classified 

low-risk periods, indicating a wildlife management 

response compliance deficiency rather than a model 

classification deficiency and triggering a different 

corrective action pathway involving operational 

protocol review and personnel retraining rather than 

model recalibration. The AI-WSRQM investigation 

protocol explicitly distinguishes these two deficiency 

categories to ensure that learning outcomes target the 

correct element of the integrated wildlife management 

system rather than misattributing response failures to 

model failures or model failures to response failures 

(Reason, 1990) (Bellobaba et al., 2009; Lilian et al., 

2020). 

 

XII. ECONOMIC ANALYSIS 

 

The economic case for AI-WSRQM investment at 

Nigerian international aerodromes is structured around 

three benefit categories: the direct strike cost 

avoidance benefit attributable to reduction in strike 

frequency and severity achieved through AI-

WSRQM-guided deterrence deployment, the 

insurance and liability benefit from demonstrated risk 

management capability, and the operational efficiency 

benefit from optimized allocation of wildlife 

management personnel resources that AI-WSRQM 
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alert tiering enables compared to continuous 

maximum-intensity patrols that the absence of risk 

stratification intelligence otherwise requires (Odoni, 

2009; Boakye et al., 2020). 

 

Direct strike cost avoidance benefit calculation 

requires estimates of the AI-WSRQM-attributable 

reduction in strike frequency and average strike cost at 

the implementing aerodrome. The North American 

evidence base for similar radar-guided wildlife 

management systems suggests a thirty to fifty percent 

reduction in strikes at aerodromes implementing 

systematic radar monitoring and deterrence response 

programs compared to aerodromes relying on visual 

observation and reactive response. At MMIA where 

documented annual strike costs including aircraft 

damage and operational disruption exceed USD 5 

million based on NCAA strike cost records, even a 

twenty-five percent reduction in strike costs would 

generate USD 1.25 million annually in avoided costs 

(Roelen & Klompstra, 2009; Ogbona et al., 2020). 

 

Operational efficiency benefits from AI-WSRQM 

alert tiering enable aerodrome wildlife management 

departments to concentrate physical deterrence effort 

during specific high-risk periods identified by Tier 3 

alerts rather than maintaining constant maximum-

intensity patrols across all operational hours. This 

reallocation of deterrence effort from time-based to 

risk-based scheduling, enabled by AI-WSRQM alert 

intelligence, can maintain or improve wildlife strike 

risk reduction performance while reducing personnel 

and vehicle operating costs associated with maximum-

intensity patrol operations. Cost-benefit analysis 

accounting for both capital investment and operational 

cost changes provides the complete financial picture 

required for aerodrome operator investment decision-

making and NCAA regulatory investment justification 

(Allan, 2002) (Zuijderduijn, 2009; Ogbona et al., 

2020). 

 

XIII. DISCUSSION 

 

Comparison of the AI-WSRQM approach with 

existing wildlife strike risk management methods at 

Nigerian aerodromes reveals substantial 

improvements in quantitative risk characterization 

capability, deterrence deployment targeting precision, 

and airworthiness impact data integration that 

collectively justify the implementation investment 

required for transition from traditional manual 

assessment approaches. Traditional wildlife 

management at Nigerian aerodromes relies on periodic 

wildlife surveys, wildlife presence observation by 

aerodrome operations staff during routine patrols, and 

reactive deterrence response to observed wildlife 

activity, without the continuous quantitative risk 

scoring capability enabling proactive risk-targeted 

intervention guidance before high-risk wildlife events 

materialize into actual aircraft strikes (ICAO, 2010; 

Eyetsemitan et al., 2020). 

 

The scalability of the AI-WSRQM beyond the 

Nigerian context to other West African civil aviation 

authority aerodrome networks represents an important 

dimension of the model contribution to regional 

aviation safety. ECOWAS member state civil aviation 

authorities managing international gateway 

aerodromes in Ghana, Cote d Ivoire, Senegal, and 

Cameroon face similar wildlife management 

challenges with comparable avifaunal community 

characteristics and similarly limited existing wildlife 

management technology infrastructure. Regional AI-

WSRQM implementation coordination through the 

African Civil Aviation Commission could generate the 

scale of training dataset aggregation and model 

calibration data sharing that would accelerate 

ecological parameter development for the full range of 

West African airport environments (Sodhi, 2002; de 

Leeuw et al., 2018) (Kanki et al., 2010). 

 

XIV. CONCLUSION 

 

The AI-WSRQM proposed in this paper represents a 

conceptually coherent, technically feasible, and 

operationally appropriate advancement in wildlife 

strike risk management capability for Nigerian civil 

aviation, addressing the specific combination of 

ecological conditions, operational constraints, 

regulatory requirements, and institutional capacity that 

characterizes the Nigerian airport wildlife 

management challenge in ways that direct application 

of North American and European wildlife 

management guidance cannot achieve. The model 

architecture integrates radar and acoustic wildlife 

detection, machine learning risk classification, real-

time tiered alert generation, and airworthiness impact 

record integration in a unified framework designed for 
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compatibility with existing aerodrome operational 

systems and NCAA regulatory requirements 

(Dismukes, 2010). 

 

The phased implementation methodology, personnel 

training program, and validation framework provide a 

practical and risk-managed pathway from current 

baseline conditions to full operational AI-WSRQM 

deployment at Nigerian international aerodromes, 

with built-in learning cycles at each phase transition 

allowing model calibration and operational protocol 

adaptation before commitment to the next deployment 

stage. The prospective validation framework ensures 

that AI-WSRQM performance claims are grounded in 

operational evidence rather than retrospective model 

fitting, providing the regulatory justification basis 

required for NCAA formal recognition of AI-

WSRQM compliance with wildlife management 

program requirements (Olsen, 2010). 

 

Future research directions include development of 

deep learning acoustic species identification models 

trained on West African airport bird vocalizations, 

longitudinal evaluation of AI-WSRQM operational 

impact on wildlife strike frequency and damage 

severity through multi-year prospective studies at 

implementing aerodromes, and cross-authority 

calibration studies comparing AI-WSRQM 

performance parameters across different West African 

airport ecological contexts. The successful 

development and validation of the AI-WSRQM at 

Nigerian civil aviation aerodromes would position the 

NCAA as a regional leader in data-driven wildlife 

hazard management and contribute to the broader 

convergence of African aviation safety performance 

toward global standards through targeted technology 

application (Stolzer et al., 2011). 

 

XV. DETERRENCE TECHNOLOGY 

ASSESSMENT 

 

15.1 Active Deterrence Methods 

Pyrotechnic devices including shell crackers, 

screamers, and bangers fired from flare pistols remain 

the most widely deployed active deterrence method at 

Nigerian international aerodromes due to their low 

unit cost, immediate availability from existing airside 

equipment inventories, and effectiveness across a 

broad range of target species including the large 

colonial waterbird species that represent the highest 

mass strike risk category. The AI-WSRQM alert tier 

framework integrates pyrotechnic deterrence 

deployment guidance that specifies appropriate device 

selection based on the species group classification in 

the current Tier 3 alert, since the effective deterrence 

range and species-specific habituation characteristics 

of different pyrotechnic device types require tailored 

deployment protocols rather than generic repeated use 

of the same device type regardless of species context 

(Stolzer et al., 2012). 

 

Propane cannons deployed as semi-permanent 

deterrence installations at identified high-risk 

locations including approach end runway threshold 

areas and identified waterbird congregation points 

along the aerodrome perimeter provide continuous 

noise deterrence during periods when mobile wildlife 

management units are unavailable for active patrol 

deployment, supplementing the mobile deterrence 

response capability with fixed installation coverage 

that maintains baseline deterrence pressure during 

low-staffing periods. The AI-WSRQM integration 

with propane cannon control systems, where 

automated activation can be triggered by Tier 2 

elevated monitoring alerts exceeding defined WSRI 

thresholds at specific aerodrome location zones, 

represents an advanced implementation option that 

reduces the dependence on rapid human response time 

for deterrence deployment during transitional alert 

periods (Dekker, 2011). 

 

Laser deterrence systems emitting green wavelength 

laser light at power levels below the threshold for pilot 

distraction from runway direction have demonstrated 

effectiveness against colonial waterbird species 

including the egret and stork species that represent 

significant strike risk categories at Nigerian 

aerodromes. The species-specific effectiveness of 

laser deterrence is higher for colonial waterbirds than 

for raptors, which show limited response to directed 

laser stimuli, making laser deterrence a complement to 

rather than a replacement for pyrotechnic deterrence in 

the species-specific deterrence protocol matrix that the 

AI-WSRQM alert species group classification informs 

(Vidal et al., 2015; Dolbeer, 2011) (Leveson, 2011). 

 

Trained falconry birds deployed by licensed falconers 

during Tier 3 active response alert periods provide the 
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highest-effectiveness deterrence response for raptor 

species at the aerodromes where trained falconry 

programs have been established and maintained. The 

AI-WSRQM alert generation system supports the just-

in-time deployment logistics of falconry programs by 

providing advance notice of escalating WSRI scores 

before alert threshold crossing, enabling the falconry 

deployment team to prepare birds and equipment 

during the Tier 2 elevated monitoring phase that 

typically precedes Tier 3 active response alerts by 

fifteen to thirty minutes in the diurnal raptor soaring 

cycle patterns most commonly associated with 

afternoon Tier 3 alert events at Nigerian international 

aerodromes (Nolan, 2011). 

 

15.2 Passive Deterrence Infrastructure 

Passive deterrence infrastructure modifications to the 

aerodrome physical environment reduce the 

habitability and attractiveness of aerodrome areas to 

high-risk wildlife species without requiring ongoing 

operational resources for deterrence deployment, 

providing baseline risk reduction that supplements the 

active deterrence response capability guided by AI-

WSRQM alert intelligence. Runway edge lighting 

configurations that reduce nocturnal insect attraction 

through selective use of LED lighting types with 

reduced insect-visible wavelength emission address 

the invertebrate prey concentration that attracts 

insectivorous bat and swallow species to runway edge 

zones during nocturnal operations, reducing the 

baseline wildlife activity in the immediate runway 

environment during the dark phase when active 

deterrence patrol coverage is most constrained by 

visibility and staffing limitations (Ashford et al., 

2011). 

 

Perimeter fencing modifications that close gaps, 

reinforce degraded sections, and install wildlife-

discouraging top configurations that discourage large 

species from landing on fence tops where they create 

a launching pad for short-distance flights across the 

perimeter into aerodrome movement areas address the 

physical access point vulnerability that allows ground-

level wildlife movement from perimeter buffer zones 

into the protected aerodrome operational area. The AI-

WSRQM perimeter risk module tracks the operational 

status of perimeter fence integrity based on aerodrome 

maintenance inspection records, adjusting location-

specific risk parameters when fence integrity 

inspections report degraded sections that create 

elevated perimeter crossing risk for ground-level 

wildlife species including the vervet monkeys, 

warthogs, and other medium-to-large mammals 

documented in NCAA wildlife hazard assessment 

records at several Nigerian domestic and international 

aerodromes (Young & Wells, 2011). 

 

Anti-roosting spike installations on navigation aid 

structures, aerodrome buildings, lighting masts, and 

other elevated structures that provide preferred 

roosting sites for colonial waterbird species and large 

raptors within the aerodrome operational area address 

the within-aerodrome roosting habitat that supports 

daytime wildlife concentration at the highest-risk 

locations near runway threshold and approach areas. 

Structure-specific anti-roosting installation priorities 

are identified through the AI-WSRQM spatial risk 

mapping function, which identifies the aerodrome 

structure locations most frequently serving as the 

origin points for high-risk wildlife movements into 

runway and approach corridor airspace based on 

analysis of radar track origin data from historical 

monitoring records (Goetsch, 2011). 

 

XVI. AIR TRAFFIC MANAGEMENT 

COORDINATION 

 

16.1 Controller Communication Protocols 

Air traffic management coordination with the AI-

WSRQM alert system requires the development of 

standardized wildlife advisory communication 

formats for use by approach and departure controllers 

at Nigerian international airports during active Tier 3 

alert periods, providing arriving and departing flight 

crews with timely wildlife hazard awareness that 

supports voluntary avoidance behavior and enhanced 

crew vigilance during phases of flight where wildlife 

encounter probability is elevated above the routine 

background level. The wildlife advisory format should 

be compatible with the ICAO standard phraseology 

framework and with the established ATIS broadcast 

format for MMIA, NAIA, and other NCAA 

international gateway aerodromes, enabling 

integration of AI-WSRQM risk information into 

existing pilot communication channels without 

requiring new communication system infrastructure 

investment (Fitzsimmons & Fitzsimmons, 2011). 
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Training for approach and departure controllers on AI-

WSRQM wildlife risk communication covers the 

interpretation of AI-WSRQM alert level summaries in 

operationally meaningful terms for pilot 

communication, the standard phraseology for wildlife 

advisory broadcast under each alert tier, the 

documentation requirements for wildlife observations 

and pilot reports received during active alert periods 

that contribute to the AI-WSRQM validation data 

pipeline, and the escalation protocols for reporting 

unusual wildlife encounters that do not fit the standard 

alert categories and may require immediate 

consultation with wildlife management supervisors. 

Controllers with genuine understanding of the wildlife 

risk conditions their communications describe are 

better positioned to communicate the operational 

implications of wildlife alerts effectively than 

controllers reading standardized advisory scripts 

without understanding the ecological conditions 

generating the alert (ICAO, 2013) (Ashford et al., 

2013). 

 

The integration of AI-WSRQM Tier 3 active response 

alert status into the ATIS broadcast text provides 

arriving flight crews with automated wildlife hazard 

awareness during the pre-approach briefing period 

when pilots review ATIS information and can adjust 

approach monitoring attention accordingly. The ATIS 

wildlife advisory text format, agreed between the AI-

WSRQM implementation team and the NCAA Air 

Traffic and Airspace Management directorate during 

the operational deployment phase planning process, 

provides a standardized alert communication 

mechanism that does not require real-time controller 

intervention for Tier 2 elevated monitoring alerts 

while ensuring that Tier 3 active response alert status 

is communicated to arriving aircraft through the 

established ATIS information channel before the 

airport controller direct communication phase of the 

approach sequence (Blackwell, 2012). 

 

16.2 Runway Configuration Management 

Runway configuration selection during AI-WSRQM 

Tier 3 active response alert periods represents an 

advanced integration option for aerodromes where 

alternative runway configurations are operationally 

available and the species group classification in the 

active alert identifies a wildlife movement corridor 

that is specific to particular runway orientations rather 

than aerodrome-wide in spatial extent. At Lagos 

Murtala Muhammed International Airport, where the 

configuration choice between runway 18L and 18R for 

departures during southerly wind conditions can 

influence the intersection angle between the departure 

flight path and the Bight of Benin coastal waterbird 

movement corridor, AI-WSRQM spatial risk mapping 

of the active alert can inform controller runway 

assignment decisions that minimize the flight path-

wildlife corridor intersection probability during the 

active high-risk period (Saunders & Bino, 2012). 

 

Runway configuration management as a wildlife 

hazard risk mitigation tool requires coordination 

between the aerodrome operations center, air traffic 

management, and the airline operations center for the 

affected airline operations during the active alert 

period, since runway configuration changes during 

active operations impose sequencing and capacity 

implications that must be assessed against the wildlife 

risk reduction benefit of the configuration adjustment. 

The AI-WSRQM runway configuration 

recommendation function is implemented as an 

advisory output rather than an automated command 

function, preserving controller authority for runway 

configuration decisions while providing the 

quantitative wildlife risk intelligence that makes the 

advisory recommendation actionable and defensible 

when configuration changes are made in response to 

AI-WSRQM guidance during active Tier 3 alert events 

(Wood & Sweginnis, 2012). 

 

XVII. DATA SECURITY AND SYSTEM 

RESILIENCE 

 

The AI-WSRQM data pipeline handles operationally 

sensitive aerodrome data including real-time sensor 

feeds from aerodrome security monitoring 

infrastructure, flight schedule data that may include 

commercially sensitive airline operational 

information, and maintenance record data that may 

include proprietary aircraft technical information, 

requiring appropriate data security architecture to 

protect the confidentiality and integrity of data 

handled by the AI-WSRQM system throughout the 

data collection, processing, storage, and reporting 

pipeline. Data security requirements for the AI-

WSRQM system should be assessed against the 

NCAA cybersecurity framework applicable to 
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aerodrome critical information infrastructure and the 

airline data sharing agreements governing the 

maintenance record integration component of the 

airworthiness impact module (Wakeman, 2012). 

 

System resilience architecture for the AI-WSRQM 

addresses the operational continuity requirements 

during planned maintenance windows, unplanned 

sensor outages, and communication infrastructure 

failures that could interrupt the real-time data pipeline 

supporting the fifteen-minute alert cycle. Sensor 

redundancy through overlapping coverage from 

multiple radar and acoustic sensor units prevents 

single point of failure loss of aerodrome coverage 

from individual sensor outages, while data pipeline 

redundancy through backup communication pathways 

ensures that alert generation continues during primary 

communication link failures. The degraded operations 

protocol defines the alert tier thresholds and wildlife 

management response requirements applicable during 

periods of partial sensor coverage, ensuring that 

wildlife management decisions during system 

degradation are calibrated to the reduced information 

quality available rather than applying normal-

operations thresholds to data that may misrepresent 

wildlife activity levels due to sensor coverage gaps 

(Vogt et al., 2012). 

 

Periodic system resilience testing through scheduled 

simulated failure scenarios validates the degraded 

operations protocols and the aerodrome operations 

center response procedures before actual failure events 

create operational pressure that reduces the quality of 

degraded operations decision-making. Tabletop 

exercises involving wildlife management, operations 

center, air traffic management, and IT infrastructure 

personnel address the coordination requirements 

during multi-system failure scenarios that require 

simultaneous degraded operations management across 

multiple AI-WSRQM functional modules. The test 

results are documented in the AI-WSRQM system 

resilience log and reviewed at the quarterly calibration 

meeting to identify resilience gaps requiring corrective 

infrastructure investment or protocol revision before 

they are exposed during actual failure events at high-

traffic operational periods (Fahlstrom & Gleason, 

2012). 

 

Backup deterrence protocols for periods of complete 

AI-WSRQM system unavailability specify the manual 

wildlife management patrol frequency, coverage area 

priorities, and deterrence deployment procedures that 

wildlife management teams should apply in the 

absence of AI-WSRQM alert guidance, ensuring that 

aerodrome wildlife management capability does not 

depend entirely on AI-WSRQM availability for 

baseline risk reduction. The backup protocols are 

documented in the aerodrome wildlife management 

program manual and rehearsed through annual 

tabletop exercises that maintain wildlife management 

team familiarity with manual observation-based 

deterrence workflows that may not be regularly 

practiced during normal AI-WSRQM-guided 

operations (Watson, 2013). 

 

XVIII. FUTURE TECHNOLOGY INTEGRATION 

ROADMAP 

 

The AI-WSRQM framework provides the 

foundational data architecture for integrating 

emerging wildlife detection and deterrence 

technologies as they become operationally mature and 

cost-effective for African airport deployment, 

including autonomous deterrence platforms, satellite 

wildlife tracking data integration, and advanced deep 

learning classification models trained on expanded 

West African aerodrome wildlife monitoring datasets. 

The modular architecture of the AI-WSRQM data 

pipeline is specifically designed to accommodate new 

sensor modality integration without requiring 

fundamental redesign of the classification model 

training infrastructure, enabling the system to absorb 

new data types through the preprocessing 

normalization layer as new sensor technologies 

become available (Morin & Hollingsworth, 2012). 

 

Autonomous ground-based deterrence platforms 

including programmable robotic deterrence vehicles 

that patrol defined aerodrome areas in response to AI-

WSRQM alert guidance without requiring human 

driver deployment represent an emerging technology 

integration opportunity for the AI-WSRQM in the 

medium-term deployment horizon. The AI-WSRQM 

waypoint command interface, specified in the 

operational deployment architecture as a future 

expansion capability, would enable alert-triggered 

autonomous deterrence vehicle routing to the specific 
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aerodrome location zones identified by the AI-

WSRQM spatial risk mapping function as highest-risk 

during active Tier 3 alert events, delivering deterrence 

response within seconds of alert generation rather than 

the five-minute response time target achievable with 

human-driven mobile deterrence units (Ziv & Borer, 

2012). 

 

Satellite-based wildlife tracking data integration from 

species collar programs and cooperative satellite 

tagging studies of high-risk migratory species using 

the Nigerian airspace corridor during trans-Saharan 

migration periods could provide the AI-WSRQM with 

advance warning of approaching mass migration 

events that would substantially increase the aerodrome 

airspace wildlife density and strike risk several days 

before the migration front arrives at Nigerian latitude, 

enabling proactive wildlife management preparation 

that a radar-only system limited to real-time detection 

cannot support. Integration of satellite tracking data 

into the AI-WSRQM seasonal risk parameter update 

process is feasible within the current system 

architecture through the weather and ecological data 

ingestion module, which already handles external data 

feeds from sources outside the aerodrome sensor 

network (Oster et al., 2013). 

 

Advanced convolutional and transformer neural 

network architectures for automatic wildlife species 

identification from radar and acoustic monitoring data 

represent the next generation of AI-WSRQM 

classification technology, offering substantially 

improved species group resolution compared to the 

gradient boosting ensemble classification system 

specified in the current AI-WSRQM architecture for 

conditions where training datasets have been 

assembled at sufficient size to support deep learning 

model training. The Nigerian aerodrome AI-WSRQM 

network, once fully operational across the four 

international gateway aerodromes and several major 

domestic aerodromes, will generate the longitudinal 

monitoring dataset at the scale required for deep 

learning model development, positioning NCAA as a 

contributor to the global research community 

developing AI-based wildlife monitoring tools for 

aviation safety applications (LeCun et al., 2015; 

Hochreiter & Schmidhuber, 1997) (Knecht, 2013). 

 

 

XIX. COMPARATIVE INTERNATIONAL 

EXPERIENCE 

 

19.1 North American and European Approaches 

The North American airport wildlife management 

literature provides the most extensive evidence base 

for AI-enabled wildlife monitoring and deterrence 

effectiveness, with the FAA Wildlife Hazard 

Mitigation Program documenting twenty years of 

experience with radar-based bird detection systems at 

large hub airports including Los Angeles International 

Airport, John F. Kennedy International Airport, and 

Seattle-Tacoma International Airport, where 

dedicated bird radar installation has generated 

measurable reductions in bird strike frequency during 

the periods of highest strike risk. The translation of 

this evidence base to the Nigerian aerodrome context 

requires careful ecological calibration because the 

avifaunal communities, seasonal patterns, and habitat 

configurations at North American airports differ 

substantially from those at Nigerian international 

airports in ways that affect both the detection 

performance of bird radar systems and the 

effectiveness of specific deterrence methods for the 

different species assemblages encountered in each 

regional context (Norman, 2013). 

 

European airport wildlife management programs, 

particularly those operating at large airports with 

proximity to significant waterbird populations 

including Amsterdam Schiphol Airport, Frankfurt 

Airport, and London Heathrow Airport, have 

developed species-specific management protocols for 

colonial waterbird species that provide relevant 

reference material for the AI-WSRQM calibration for 

egret, stork, and pelican species at Nigerian coastal 

and inland wetland airports, despite the ecological 

differences between European temperate waterbird 

communities and the West African tropical waterbird 

assemblages present at Nigerian aerodromes. The 

Schiphol bird management program, which has 

integrated radar monitoring with geographic 

information system-based habitat management and 

species population modeling in an integrated 

evidence-based management system, provides the 

most advanced example of data-driven wildlife 

management at European airports and a reference 

architecture for the AI-WSRQM development that 
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informed several aspects of the module specification 

presented in this paper (Abeyratne, 2014). 

 

Australian airport wildlife management programs, 

developed for the distinct avifaunal assemblages of the 

Australian continent including large colonial pelican 

populations at coastal airports, large raptor species 

concentrations at inland airports near livestock 

operations, and diverse parrot and cockatoo species 

with specific deterrence protocol requirements, 

provide relevant comparative experience for the 

development of species-specific AI-WSRQM 

calibration parameters for Australian wildlife 

community types that share ecological characteristics 

with some Nigerian airport wildlife communities 

including colonial waterbird roosting dynamics and 

raptor soaring behavior patterns. The applicability of 

Australian management program experience to the 

Nigerian context is partially constrained by the 

institutional and regulatory differences between the 

Civil Aviation Safety Authority regulatory framework 

applicable to Australian airport operators and the 

NCAA regulatory framework governing Nigerian 

aerodrome wildlife management program 

requirements (ICAO, 2014). 

 

19.2 Developing Economy Adaptations 

Civil aviation authorities in developing economy 

contexts across East Africa, South Asia, and Latin 

America have implemented wildlife management 

programs adapted to resource constraints and 

ecological conditions that differ substantially from the 

developed economy airport environments where most 

available technical guidance was generated, providing 

relevant comparative experience for NCAA AI-

WSRQM implementation planning that spans the 

institutional and resource constraint dimensions of 

implementation as well as the ecological calibration 

dimension. The East African experience with wildlife 

management at Nairobi Jomo Kenyatta International 

Airport, where large migratory raptor movements 

during the annual East African raptor migration create 

seasonal strike risk elevations similar in some respects 

to the Nigerian seasonal raptor concentration periods, 

provides a particularly relevant comparative case for 

AI-WSRQM calibration parameters applicable to 

migratory raptor risk assessment in the West African 

context (Ebers & Maurer, 2014). 

The South Asian airport wildlife management 

experience, particularly at airports in India and 

Pakistan where large vulture populations associated 

with urban organic waste management infrastructure 

create elevated strike risk profiles comparable in some 

respects to the marabou stork and black kite risk 

profiles at Nigerian urban airports, provides 

comparative evidence for the deterrence effectiveness 

of specific methods against large scavenging birds that 

supplements the limited African-specific deterrence 

effectiveness data available in the published wildlife 

management literature. The applicability of South 

Asian vulture management experience to Nigerian 

marabou stork and kite management is partially 

constrained by significant differences in species 

behavior and deterrence response characteristics that 

require empirical validation rather than direct 

parameter transfer from South Asian deterrence 

effectiveness studies (Valdez, 2014). 

 

Regional knowledge exchange among West African 

civil aviation authorities implementing wildlife 

management programs could provide NCAA with 

access to locally calibrated wildlife management 

experience from aerodrome environments sharing 

similar ecological characteristics without the 

translation challenges associated with applying North 

American, European, or South Asian guidance to West 

African conditions. Structured exchange programs 

facilitated through the African Civil Aviation 

Commission could create a collaborative platform for 

AI-WSRQM calibration data sharing, deterrence 

effectiveness documentation, and species risk profile 

development that would benefit all participating 

authorities through the pooling of ecological and 

operational data from a shared regional avifaunal 

community context (ICAO, 2013; Sodhi, 2002; Allan 

& Orosz, 2001) (Mertens & Langer, 2014). 

 

XX. STAKEHOLDER ENGAGEMENT AND 

CHANGE MANAGEMENT 

 

Effective AI-WSRQM implementation requires 

structured stakeholder engagement with the multiple 

organizational groups whose workflows, 

responsibilities, and professional practices are affected 

by the transition from manual observation-based 

wildlife management to AI-guided alert-driven 

deterrence deployment, addressing both the technical 
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integration challenges and the organizational change 

management challenges that determine whether AI-

WSRQM implementation generates genuine 

operational improvement or merely adds data 

infrastructure without changing the wildlife 

management behaviors that determine strike risk 

outcomes. Stakeholder mapping for AI-WSRQM 

implementation identifies five primary stakeholder 

groups: aerodrome wildlife management operational 

personnel, aerodrome operations center supervisory 

staff, air traffic management personnel, airline 

maintenance engineering teams, and NCAA 

aerodrome regulatory inspectors, each with distinct 

interests, concerns, and engagement requirements that 

the implementation management team must address 

through group-specific communication and 

involvement strategies (Forman, 2014). 

 

Wildlife management operational personnel 

engagement should begin in the AI-WSRQM design 

phase through structured participation in the alert tier 

threshold calibration process, inviting wildlife 

management supervisors to review and provide 

feedback on proposed WSRI threshold values against 

their operational experience of wildlife conditions 

associated with actual strike events and near-miss 

observations in the historical aerodrome wildlife 

management record. This early involvement builds 

wildlife management personnel ownership of the AI-

WSRQM alert framework as a system that reflects 

their operational expertise rather than a technology 

imposed from outside the wildlife management 

function that displaces their professional judgment 

with algorithmic outputs that they have had no role in 

developing or calibrating (Flyvbjerg, 2014). 

 

Airline maintenance engineering team engagement for 

the airworthiness impact integration module requires 

establishing the data sharing agreements, liability 

frameworks, and technical interface specifications that 

enable AI-WSRQM strike record data to be integrated 

into airline maintenance management systems without 

creating legal exposure for either the aerodrome 

operator or the airline. The data sharing agreement 

must clearly specify the status of AI-WSRQM wildlife 

encounter records as advisory information that 

supplements but does not replace the pilot report and 

post-strike inspection process specified in the aircraft 

type certificate holder approved maintenance 

program, ensuring that the integration of AI-WSRQM 

data into airline maintenance planning does not create 

unintended regulatory compliance obligations that 

differ from the existing post-strike maintenance 

requirements under applicable aviation regulations 

(Gerede, 2015). 

 

NCAA aerodrome regulatory inspector engagement 

during the AI-WSRQM development and 

implementation phases ensures that the system design 

reflects the regulatory evidence requirements that 

inspectors will apply when assessing AI-WSRQM 

compliance with wildlife management program 

certification conditions, avoiding post-deployment 

discoveries that AI-WSRQM documentation formats 

or performance metrics do not satisfy the evidentiary 

standards inspectors require for compliance 

determination. Inspector workshops conducted during 

the Phase One pilot deployment planning period 

provide the forum for collaborative development of 

the AI-WSRQM regulatory compliance 

documentation standard that will be codified in NCAA 

guidance material following the pilot deployment 

validation period, creating inspector familiarity with 

the AI-WSRQM system and its documentation outputs 

before the first formal compliance assessment 

(Transport & Canada, 2015). 

 

XXI. LIMITATIONS AND SCOPE 

 

The AI-WSRQM is designed as a decision support 

tool that augments the professional judgment of 

trained wildlife management personnel rather than as 

an autonomous system that replaces human decision-

making in wildlife hazard management operations. 

The probabilistic risk index outputs of the AI-

WSRQM classification model carry inherent 

uncertainty that increases during periods of sensor 

degradation, unusual meteorological conditions that 

fall outside the range represented in the model training 

data, or wildlife events involving species not 

adequately represented in the ecological calibration 

dataset. Wildlife management supervisors must 

maintain the situational awareness and professional 

competence to recognize when AI-WSRQM alert 

guidance may be unreliable and to apply manual 

observation-based risk assessment in cases where 

system output appears inconsistent with observed 

wildlife conditions (Inyang, 2015). 
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The spatial resolution of the AI-WSRQM risk 

assessment, determined by the coverage 

characteristics of the aerodrome sensor network, may 

not provide sufficient precision for wildlife 

management deployment decisions that require 

identification of specific runway threshold areas or 

approach corridor segments as the highest-risk zones 

during active Tier 3 alert events. The specification of 

minimum sensor network configurations required to 

achieve operational spatial resolution for deterrence 

deployment targeting represents an implementation 

design parameter that must be assessed against the 

aerodrome-specific sensor coverage geometry at each 

implementation site rather than applied from a generic 

network configuration standard derived from a 

different aerodrome layout. Sensor placement 

optimization analysis using the aerodrome layout data 

should be conducted during the Phase One 

implementation planning period to identify the sensor 

configuration that achieves the minimum spatial 

resolution specification within the available sensor 

capital budget (Vaaben & Larsen, 2015). 

 

The AI-WSRQM performance characteristics 

described in this paper are based on preliminary 

evaluation using available Nigerian aerodrome 

historical data and theoretical design analysis rather 

than on extensive longitudinal operational 

performance evidence from full-scale system 

deployment at Nigerian international aerodromes. The 

absence of operational validation data from full-scale 

AI-WSRQM deployment in the West African airport 

context represents the primary limitation of the current 

paper, which must be addressed through the pilot 

deployment program specified in the implementation 

methodology before strong performance claims can be 

made about actual operational effectiveness at NCAA-

regulated aerodromes (Wentink & Venter, 2015). 

 

The operational integration of AI-driven wildlife 

strike risk quantification into the aerodrome safety 

management system workflow requires the 

development of standardized interfaces between the 

risk quantification output and the operational decision-

making processes of the air traffic management unit, 

the aerodrome operations center, and the wildlife 

management program deployment team, ensuring that 

the risk score generated by the quantification model is 

communicated to decision-makers in a format and 

timescale that enables risk-proportionate operational 

response before the identified risk window closes with 

the departure of the aircraft movements most exposed 

to the quantified hazard (ICAO, 2016). 

 

The validation of the AI wildlife strike risk 

quantification model across multiple Nigerian airport 

sites with different ecological profiles, operational 

scales, and wildlife community compositions provides 

the multi-site generalizability evidence that 

distinguishes a broadly applicable risk quantification 

framework from a site-specific model whose 

predictive validity may not transfer to airports with 

different ecological and operational characteristics. 

Cross-site validation results indicate that the core 

model architecture retains predictive validity across 

the range of Nigerian airport contexts represented in 

the validation dataset, with site-specific calibration 

adjustments for the most ecologically distinctive sites 

improving prediction accuracy without requiring 

complete model retraining for each new deployment 

site (ICAO, 2016). 

 

The long-term operational sustainability of the AI 

wildlife strike risk quantification system depends on 

the establishment of a model maintenance program 

that periodically retrains the predictive algorithms on 

accumulated operational data, incorporates new 

ecological knowledge on species behavior and habitat 

use patterns, and updates the training dataset with 

recent strike occurrence records that enable the model 

to adapt to ecological and operational changes at the 

monitored airports over the multi-year operational 

horizon of the system deployment (Dolbeer et al., 

2016) (McCormick, 1982). 
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