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Abstract: Ocean beaches are a major recreational attraction in many coastal cities, requiring accurate 

visitor counts for infrastructure planning and value estimation. We developed a novel method to 

assess beach usage on the Gold Coast, Australia, using 507 drone surveys across 24 beaches. The 

surveys covered 30 km of coastline, accounting for different seasons, times of day, and environmen-

tal conditions. Two AI models were employed: one for counting people on land and in water (91–

95% accuracy), and another for identifying usage types (85–92% accuracy). Using drone data, we 

estimated annual beach usage at 34 million people in 2022/23, with 55% on land and 45% in water—

approximately double the most recent estimate from lifeguard counts, which are spatially limited 

and prone to human error. When applying similar restrictions as lifeguard surveys, drone data es-

timated 15 million visits, aligning closely with lifeguard counts (within 9%). Temporal (time of day, 

day of the week, season) and spatial (beach location) factors were the strongest predictors of beach 

usage, with additional patterns explained by weather variables. Our method, combining drones 

with AI, enhances the coverage, accuracy, and granularity of beach monitoring, offering a scalable, 

cost-effective solution for long-term usage assessment. 
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1. Introduction 

Sandy beaches comprise one third of the global coastline [1] and provide many eco-

nomic, ecological, and cultural values contributing to human health and well-being [2–4]. 

They can also represent a hazard for visitors due to risk of injury or drowning associated 

with beach rips, high-energy waves, tides, and other causes [5–8]. Hence, the management 

of beaches and associated infrastructure to support ongoing sustainable and safe usage is 

important for ensuring and fulfilling increasing beach usage demands [9–11]. Under-

standing variability in beach usage patterns is also critical for planning current and future 

maintenance and infrastructure requirements. In 2021, the collection of human usage data 

was identified as a top research priority by the coastal geoscience community in Australia 

[12]. Therefore, obtaining accurate information about the human use of sandy beaches in 

well-developed urban areas is a key component of beach management [12–14]. 

Assessing the number of beach visitors is a challenging task because it requires a 

reliable and consistent source of visitor counts over space and time, characterized by a 

defined and constant level of precision and accuracy. Counting the number of beach visi-

tors, and sometimes their usage type, has conventionally been undertaken using on-

ground headcount surveys by personnel patrolling beaches [13,15]. However, on-ground 

headcounts are inaccurate and imprecise [16,17] (but note the findings of [18]). Counts 

have also been made from semi-permanent fixed-cameras [11,19–22] and aerial surveys 
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with piloted aircrafts [23,24]. More recently, the advent of drone-based camera surveys 

has been demonstrated as a flexible and potentially efficient survey method capable of 

accurately and repeatably counting visitors by usage type [25]. 

The efficiency and flexibility of drone surveys is, however, tempered by the sheer 

quantity of video imagery required to be processed (e.g., [26]). This processing bottleneck 

of manual data extraction from videos is a broader challenge for surveys in a wide variety 

of sectors, as diverse as healthcare and wildlife monitoring [26–29]. Underpinned by deep 

learning algorithms and increasing computing efficiency, computer vision is removing the 

barriers to processing vast amounts of imagery [30]. Automated data extraction is now 

possible through computer vision solutions, offering rapid, consistent, reliable extraction 

of people and wildlife counts (e.g., [31,32]). Thus, the amalgamation of computer vision 

and drone advancements has emerged as a new cornerstone for tracking and monitoring 

people and coastal dynamics with unparalleled detail [33–35]. 

In this study, we combined drone surveys and automated detection of people to pro-

vide reliable data on beach usage for the Gold Coast, a tourism-focussed city in Queens-

land, Australia. Gold Coast is among the fastest growing regions in Australia [36], attract-

ing over AUD 4 billion in tourism expenditure every year [37] and hosting several natural 

attractions such as its beaches and the World Surfing Reserve [38]. Strong and consistent 

population growth, changing usage, and beach and surfing tourism are the underlying 

drivers to perform a detailed quantification of beach use. 

Gold Coast beaches are classified as a wave-dominant open coastline [39] with many 

access points for visitors. The open coastline beaches stretch for a total of 37 kilometres 

and are grouped into 29 beach compartment units. These 29 compartment units have been 

defined by the Local Government Authority, the City of Gold Coast, and serve as coastal 

management units [40] (Figure 1). In this context, sampling the number of beach visitors 

and the type of activities they engage in presents a challenge due to the expansive nature 

of the beaches. Consequently, our objective was to develop a cost-effective survey meth-

odology capable of delivering a reliable estimate of visitation and usage on open coastline 

beaches with a known level of certainty. 

 

Figure 1. Gold Coast beaches monitored during study. Extension and location of the 24 beach com-

partments (a), beach compartment number is indicated on the map; aerial view of beach compart-

ment 23 Surfers Paradise (b); and example of annotated drone image from compartment 17 Miami 
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with activity categories indicated as bounding boxes: blue, people resting; red, people walking/run-

ning; green, shelters (c). 

2. Materials and Methods 

2.1. Drone Flight Planning and Execution 

Given the vast expanse of the beaches, we planned a cost-effective drone effort to 

account for the most significant sources of variation in beach usage. To achieve this, we 

utilized long-term beach usage data collected daily by professional City of Gold Coast 

Lifeguards and weekend-volunteer Surf Life Saving Queensland (SLSQ) lifeguards, to-

gether with historical weather variables [41]. While the primary focus of lifeguards is to 

prevent injuries and fatalities and ensure public safety, they also conduct spot counts and 

monitor usage at 42 designated patrolled areas (i.e., lifeguard towers) throughout the year. 

It is important to note that lifeguard data collection is not uniform throughout the year 

and varies based on seasons, time of day, day of the week, and specific beach locations 

due to different lifeguards working hours. Additionally, the accuracy and precision of 

their estimates are unknown, as their primary responsibility is public safety rather than 

providing accurate and precise counts on beach usage. Using historical lifeguard and 

weather data, we identified spatial and temporal patterns in beach usage whilst account-

ing for weather variables. This preliminary assessment highlighted five important sources 

of usage variation: season, weather conditions, temperature, day of the week, and beach 

location. Accordingly, drone surveys were scheduled to represent these conditions (Tables 

S1 and S2). However, given the unknown precision and accuracy of lifeguard data, we 

informed our drone surveys based on these patterns but were careful not to assume they 

perfectly reflected actual usage. 

We conducted 507 aerial surveys across 38 beaches (24 out of 29 compartments, Fig-

ure 1) from December 2022 to April 2023 (Table S1) using DJI Mavic Mini and DJI Phantom 

4 drones (DJI, Shenzhen, China). Compliance with aviation regulations was maintained, 

ensuring safe and unobtrusive operations. We excluded certain compartments for safety 

and regulatory compliance reasons (i.e., proximity to airport, Figure 1). Surveys were 

evenly distributed across various environmental conditions (Table S2), times, days of 

week and seasons to capture variations in beach use. Environmental variables including 

temperature, rain chance, wind speed, and wind direction, were recorded during each 

survey and use as predictors of beach usage during analysis (Table S2). Sampling was 

spread across three seasons that referred to the expected level of beach use: high (Decem-

ber to January), medium (February), and low (March to April). The thresholds of these 

seasons were set based on interrogation of the preliminary modeling of historical life-

guard data and known tourism patterns. Days of the week were classified as weekdays 

and weekends, and survey times were classified as morning (6 AM–10 AM), noon (10 AM–

2 PM), and afternoon (2 PM–6 PM). 

The high-resolution videos, geo-tagged for spatial reference, were obtained at alti-

tudes of 20 to 30 metres, ensuring minimal disturbance to the public. Multiple surveys 

(usually two, sometimes three) could be completed on a same flight depending on their 

proximity, with a typical flight lasting less than 20 min. The camera recorded at pitch an-

gles ranging from 15 to 70 degrees from the ground parallel. Videos were recorded in HD 

resolution (1920 × 1080 pixels) at 30 frames per second (FPS). 

2.2. Automated Data Extraction from Videos—Model Development 

We developed two AI models for automated people count and usage data extraction 

from drone videos. The Land–Water model classified people into two categories: on land 

or in water. The Usage model further categorized people based on beach activities (Table 

1). Both models were also trained to detect shelters like cabanas and umbrellas which are 

often used by beachgoers as sun cover. Ground-truth labels were manually added to im-

ages from drone videos (Figure 1c), with 35,289 total labels split across training (51%), 
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evaluation (9%), and testing (40%) datasets (Table 1). For the Usage model, people were 

categorized into anglers, kite surfers, people resting, runners/walkers, surfers, and swim-

mers. Ground-truth labels were re-encoded into two categories for the Land–Water model. 

Training datasets covered diverse date–time and environmental conditions, ensuring 

model generalization, while evaluation and testing datasets allowed for fine-tuning and 

assessment of performance, respectively. 

Table 1. Ground-truth labels for the two detection models. The shelters category refers to umbrellas, 

gazebos, and cabanas used by beachgoers to shade themselves from the sun. 

Land–Water Model 

Class Training Evaluation Testing Total 

People on land 9275 1669 8471 19,415 

People in water 6840 1077 5382 13,299 

Shelters 1901 344 330 2575 

Total 18,016 3090 14,183 35,289 

Usage model 

Class Training Evaluation Testing Total 

Anglers 481 82 107 670 

Kite surfers 208 36 43 287 

People resting 3573 603 3045 7221 

Runners/Walkers 5395 942 5319 11,656 

Surfers 2468 402 682 3552 

Swimmers 3871 752 4657 9280 

Shelters 1791 370 414 2575 

Total 17,787 3187 14,267 35,241 

For object detection we employed a deep learning single-shot detector model 

YOLOv5; [42], consisting of a CSP-Darknet53 backbone, a Spatial Pyramid Pooling-Fast 

(SPP) neck, and a YOLOv3 head trained on the COCO dataset [43–46]. Model initialization 

used pre-trained weights, followed by custom dataset training with augmentation for im-

proved performance and generalizability. To prevent overfitting, we implemented early 

stopping [47–49] and evaluated the model on an evaluation dataset. Model optimization 

involved fine-tuning hyperparameters and adjusting confidence thresholds for each target 

class. To mitigate over-hyping, a single test run on an independent dataset was conducted 

after satisfactory hyperparameter adjustments. All performance metrics are reported 

against the testing dataset (Table 2). The Land–Water model incorporated a tracking mod-

ule for position-based tracking and re-identification of people and shelters [50]. All hy-

perparameters used for training can be found in the repository: https://github.com/glob-

alwetlands/BeachAI. 

Table 2. Performance metrics of the two models developed for counting people on beaches. F1-score 

is the weighted average measure most used to report overall performance. 

Land–Water Model 

Class Precision Recall F1-Score 

People on land 0.94 0.95 0.95 

People in water 0.90 0.92 0.91 

Shelters 0.98 0.99 0.98 

Usage model 

Class Precision Recall F1-score 

Anglers 0.85 0.85 0.85 

Kite surfers 0.84 0.86 0.85 

People resting 0.90 0.89 0.89 
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Runners/Walkers 0.91 0.93 0.92 

Surfers 0.89 0.90 0.90 

Swimmers 0.86 0.90 0.89 

Shelters 0.96 0.98 0.97 

Model performance assessment utilized three metrics: precision, recall, and F1-score. 

Calculated per class by comparing predictions to ground-truth labels (i.e., manual bound-

ing box on a beachgoer), precision balances true positives (TP) against false positives (FP, 

Equation (1)), while recall measures the model’s ability to recover ground-truths (Equa-

tion (2)). The F1-score, a weighted average of precision and recall, is calculated using 

Equation (3). Overall model performance is reported as Mean Average Precision (mAP50; 

Equation (4)), a metric considering precision, recall, and the Intersection over Union (IoU) 

method for bounding box overlap between prediction and ground-truth. 

P =
TP

TP + FP
 (1) 

R =
TP

TP + FN
 (2) 

F1 =
2(P × R)

(P + R)
 (3) 

mAP50 =
1

N
∑APi

N

i=1

 (4) 

2.3. Model Predictions 

After models were trained, evaluated, and tested, we ran predictions on videos at a 

scaled resolution of 1280 pixels width, which balanced inference speed and performance. 

For discarding low-quality predictions, we set a base confidence threshold of 0.1, and IoU 

threshold of 0.8. After inference was completed, predictions were filtered based on confi-

dence thresholds defined during evaluation and a video stride of 3. During inference, we 

regularly assessed models’ performance via a manual review of predictions in a random-

ized fashion. Thus, predictions overlayed on videos were scrutinized for departures from 

acceptable performance levels. During this process, we identified that people under shel-

ters (e.g., cabanas and umbrellas) or under their shades were consistently less likely to be 

detected by our models. For this reason, we designed an experiment for allowing us to 

correct predictions based on the number of shelters on the beach. 

2.4. Accounting for People under Beach Shelters 

While Australian beaches rarely favor private businesses to serve the public with um-

brellas or gazebos, there is an increasing popularity among beachgoers in Australia and 

elsewhere to use their own cabanas and umbrellas as sun shelter. The use of beach shelters 

is widespread [51] and represents a challenge for drone-based surveys as these structures 

can partially or fully occlude people from the drone cameras, potentially leading to an 

underestimation of counts. To address this, we derived a correction factor from simulta-

neous drone surveys and ground-level manual counts at high-shelter usage locations (i.e., 

Main Beach, Tallebudgera Creek, and Kurrawa Beach). Manual counts, specifying shelter 

types and people beneath, indicated an average of two people per shelter. Predicted 

counts in the Land–Water model were adjusted using this average. There was a 10% aver-

age difference between automated and manual shelter counting (Table S3). Factors con-

tributing to errors included survey area discrepancies—notable in the narrow Tallebudg-

era Creek beach, potential gaps in shelter diversity representation in the training set and 

errors during manual counting. Addressing these factors by adding more ground-truths 
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to the training data can enhance accuracy. Nonetheless, our benchmark between manual 

and automated shelter counting establishes a valuable reference for ongoing improvement 

efforts. 

2.5. Data Visualization and Beach Usage Estimation  

To better visualize the number of people at beaches and identify places of high/low 

density, we created choropleth maps by rasterizing and aggregating inference points into 

uniform lattices to avoid overplotting and undersampling detections over space [52]. We 

also used a perceptually uniform color palette that prevents under- and oversaturation, so 

data scale and variations are preserved in the visualization. 

We used a Multi-level Bayesian Generalized Linear Model (GLM) with weak priors 

to assess the importance of explanatory variables on people count estimates from drone 

surveys [53]. As we employed two distinct deep learning models to detect multiple cate-

gories, each category from each detection model was studied independently. Thus, for 

each category and for the total people count, GLMs were fitted to extract pertinent infor-

mation from count patterns and predict the annual use considering relevant explanatory 

variables. We used a negative binomial distribution with a log link function for modeling 

people counts (S4). This distribution was suitable given the mean to variance relationship 

in the dataset. The full description of the statistical model and choice of priors are de-

scribed on supplementary material (S4), and the statistical model built on Python can be 

found in the repository: https://github.com/globalwetlands/BeachAI, (accessed on 13 Oc-

tober 2024). We assessed variable importance by quantifying posterior means and credible 

intervals of coefficients for each predictor. Thus, we recovered parameters associated with 

each predictor in the model. In addition to the weather variables described previously, we 

explored the importance of location, compartment, season, and time of the day. We al-

lowed for random intercepts and slopes for location, compartment, and season. For all 

other variables, we originally hypothesized that changes in their group levels will only be 

expected on their baseline effects to response variable (i.e., changes on intercept), but upon 

further exploration and on a single base basis, random slopes were allowed. From these 

analyses, and for variables with predictive power, we extracted the GLM predictor pa-

rameters that allows us to compute the probability of observing specific people counts for 

combinations of explanatory variables. These parameters were critical for conducting an-

nualized calculations from individual survey estimates over the entire day, season, and 

year. Thus, our predicted annual estimates were constructed by resampling the parame-

ters’ distributions (n = 4000) and predicting over 365 days. In addition, when a weather 

variable exhibited high predictive power, we produced 100 estimates over its range of 

observed values. We conducted prior and posterior predictive checks, including diagnos-

tics of posterior trace convergence for evaluating the adequacy of priors and models, to-

gether with Effective Sample Size (ESS) and Watanabe–Akaike Information Criterion 

(WAIC). Predictors that exhibited high correlation with each other were dropped from 

statistical models. 

We explored the spatial distribution of people around lifeguard towers to identify 

areas needing additional lifeguard attention. Lifeguard towers’ geographical position was 

obtained from City of Gold Coast. Geo-referenced detections from video frames were 

linked to the nearest lifeguard tower based on spatial limits extending from the mid-

points of lines connecting neighboring towers. For towers with a single neighbor, we ex-

tended the limit on the non-neighboring side by 100 metres. Linear distances from detec-

tions to their closest tower along the coastline axis were then calculated. The accuracy and 

precision from calculated detection to lifeguard tower distances depended on several fac-

tors, including drone GPS accuracy, gimbal pitch accuracy, and the number of satellites 

during flight. Geographic validation suggests a conservative interpretation with a 10–30 

metres margin of error. 

Our experimental design employed a systematic approach to sampling that included 

compartments, seasons, different days, and distinct times of the day (morning, noon, and 
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afternoon). This design enabled us to calculate the total number of beachgoers observed 

by lifeguards during each of these periods. To avoid the potential for double-counting 

during surveys, we tracked flight paths and ensured that no single beach was surveyed 

multiple times on the same day. It is important to note that when deriving annual esti-

mates, we did not assume an average length of stay for beachgoers. Consequently, the 

estimates for the number of people present at the beach during each period (morning, 

noon, and afternoon) are treated as independent observations. This approach mirrored 

the methodology currently employed by lifeguards, who also conduct counts at three dis-

tinct times throughout the day. Given this design, our annual estimates should not be 

interpreted as the number of unique visitors to the beach. Instead, they represent the total 

number of beachgoers encountered at beaches during the three distinct time periods each 

day. Therefore, these figures should be understood as an aggregate measure of beach us-

age as experienced by lifeguards, rather than a count of individual visitors. Furthermore, 

unlike a traditional time series forecast, which predicts future values based on temporal 

trends, our model was designed to estimate visitation by incorporating seasonal effects 

explicitly. Thus, we used historical data to calculate how many high, medium, and low 

season days are expected annually. 

3. Results 

3.1. Model Performance 

All classes in the Land–Water model performed well, with precision and recall over 

90% (Table 2). For the Usage model, classes with the lowest number of ground-truths per-

formed worse than classes with more ground-truth labels. However, precision and recall 

for all classes were robust at over 80%, with the people resting, runners/walkers, surfers, 

and shelters classes performing particularly well. Furthermore, the mAP50 values for 

Land–Water and Usage models were 0.55 and 0.54, respectively, which is on par with the 

performance of state-of-the-art models trained on very large datasets [54]. Incorrect detec-

tions can occur even in well-performing models due to several factors associated with the 

model architecture and data. False positive and negative instances can arise from errors 

on the regressor or classifier components of the model architecture (e.g., for anchor-box 

architectures, see [55]). Inter-class misclassification can also occur due to unusual view-

points, similarity in classes characteristics, relative size of objects, and the type of back-

ground [56,57]. In fact, we observed a slightly higher error classification on two pairs of 

classes that are semantically similar: runners/walkers and anglers, and surfers and kite 

surfers. The top-down viewpoint from our surveys marginally disfavored people sitting 

cross-legged on the resting category. Nonetheless, the performance metrics of the Land–

Water and Usage models were satisfactory, and the number of incorrect detections were 

within an acceptable range. 

3.2. Drone Surveys 

All of our drone surveys detected individuals, with an average count of 1572 ± 2445 

(standard deviation). During low and medium seasons, we observed a higher number of 

people on weekends, but the pattern reversed during peak season, except in Burleigh 

Heads and Kurrawa (compartments 15 and 20, respectively, Figure S1). The increased 

number of beachgoers on weekdays during the peak season suggests that this period at-

tracts more tourists, who visit the beaches outside of typical working hours. Other pat-

terns in beach usage observed in our drone surveys are well-represented in the annual 

estimates. These patterns, which have been captured and described in detail through the 

modeling, will be discussed in the following sections for avoiding redundancy in the re-

sults. 

  



Drones 2024, 8, 579 8 of 19 
 

 

3.3. Annualized Estimates 

The annual estimate count from drone surveys derived from GLMs summed for all 

compartments for the 2022/23 year is ~ 34 million (±SE 3.7 million) visitors to Gold Coast 

beaches (Figure 2). Compartments 2, 4, 5, 15, and 23 (including Rainbow Bay, Green-

mount, Coolangatta, Kirra, Burleigh Heads, and Surfers Paradise beaches—Table S1) were 

identified as hotspots (areas of high visitor counts). Users were a little more common on 

land than in the water (Figure 2). When separated by usage type, there were differences 

in people counts among beach compartments. Anglers and those running/walking were 

more prevalent on northern beaches, while surfers were prominent near headlands such 

as Burleigh Heads and Snapper Rocks (Figure 3). 

 
(a) (b) (c) 

Figure 2. Annual estimated total user counts per compartment: (a) total, (b) land, and (c) water. This 

model considers detections from the Land–Water detection model and statistical predictions from 

GLMs accounting for effects spatiotemporal factors. 
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Figure 3. Annual estimate of people per usage category and compartment: (a) people resting; (b) 

runners/walkers; (c) anglers; (d) swimmers; (e) surfers; and (f) kite surfers. Reported percentages 

add to 99.8% due to rounding. Satellite layer by ESRI Earthstar Geographics. 

3.4. Importance of Explanatory Variables 

The key predictors of overall beach count (i.e., people on land and people in water) 

were compartment, season, time of day, and day of the week (see model in S4). Several 

predictors exhibited high correlation with each other, for example, rain chance was corre-

lated with cloud coverage and temperature, and temperature was correlated with season. 

The variables with the lowest predictive power were removed from models. Hierarchical 

variables that did not improve the model predictive power were also dropped. Such was 

the case for locations, nested within compartments. 

We found strong evidence of interacting dependent variables. The effect of day of the 

week on people count varies with season, as does the variation in counts over the course 

of a day (Figure 4). The total number of people increases as the day progresses from morn-

ing to afternoon during the low and medium season and weekends (Figure 4). However, 

the people count is marginally different during weekdays across all seasons, and the in-

creasing count with time-of-day pattern for weekends reverses during peak season (Fig-

ure 4). There were striking effects of predictor variables on some usage types. Surfer 

counts, for example, were substantially higher when surf conditions were clean rather 

than messy (Figure 5). On land, counts of people resting or running/walking increased 

with air temperature and decreased with chance of rain (Figure 6). 
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Figure 4. Effect of season, day of week, and time of day on people counts for (a) total counts, (b) 

people on land, and (c) people in the water. Count estimates derived from Land–Water model and 

GLM for a typical compartment. Box plots show median values, 25th/75th percentiles, and min–max 

range. 

(a) 

(b) 

(c) 
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Figure 5. Swell condition effect on surfer count. Surfer estimate derived from Usage model and GLM 

for a typical compartment. The clean condition refers to smooth, well-formed, and consistent waves, 

while the messy condition refers to choppy and irregular waves. 

 
(a) (b) 

Figure 6. Relationship between rain chance and temperature on people resting count (a) and run-

ners/walkers count (b). Estimates derived from Usage model and GLM for a typical compartment. 

3.5. Effect of Distance to Lifeguard Towers 

The highest density of beachgoers occurs within 0 to 300 metres from lifeguard tow-

ers, peaking at 120 metres (Figure 7). Swimmers tend to be closer to lifeguard towers peak-

ing at 20 and 100 metres, with the group of swimmers and potential swimmers (i.e., people 

resting) following the same pattern. The observation that swimming activities tend to con-

centrate in closer proximity to lifeguard towers is likely influenced by factors such as the 

positioning of swimming flags, the perception of increased safety, and a preference to be 

in close proximity to lifeguard assistance [58]. 
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Figure 7. Spatial distribution of people with respect of lifeguard towers: (a) all people; (b) swim-

mers; and (c) swimmers and potential swimmers (i.e., people resting). Derived from the annual es-

timated total user counts, the kernel density estimate used a Gaussian kernel for smoothing people 

counts over the observed distances (left). KDE allows us to identify the distance with greater mass 

distribution, i.e., at which distance from a tower people are more concentrated. The cumulative KDE 

produces an empirical cumulative distribution so that the height of the filled curve reflects the esti-

mated number of people at a specific distance (right). A vertical line at 150 metres from the tower is 

included as a reference. 

(c) 

(a) 

(b) 
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3.6. Comparison against Existing Land-Based Counts 

The GLMs produced an annual estimate of total beach users two times greater than 

the last annual estimate from the lifeguard dataset (Table 3). There is a 45.7% and 58.9% 

discrepancy between annual estimates for people on land and in water, respectively. Our 

annualized estimation approach, while robust, may introduce some additional uncer-

tainty due to variations in seasonality and temporal factors. However, the significant dif-

ferences between our estimates and those provided by lifeguards extend beyond the 

bounds of this uncertainty, suggesting that our method captures more comprehensive 

spatial and temporal coverage, leading to a higher visitation estimate. In both instances, 

the lifeguard dataset tends to underestimate the number of people. Manual counting is 

influenced by various factors, including weather conditions, the level of crowd counting 

expertise, and the chosen counting method, e.g., Jacob’s method—a technique developed 

for counting crowds [59], individual counting, aggregated temporal counting. Addition-

ally, it is important to note that underestimation via the manual counting method may 

stem from the inherent limitation of not being able to count people beyond the visible area 

around lifeguard towers. The lifeguard dataset might be biased towards counting people 

closer to shore and to the lifeguard towers, potentially missing users outside of patrolled 

areas. Another explanation for discrepancies is that our method considered surveys over 

a longer period of the day, from 6 AM to 6 PM. Thus, our method was more likely to 

produce a higher count than the lifeguard method. When restricting our statistical model 

to the same temporal and spatial constraints as the lifeguard counting method, i.e., from 

8 AM to 6 PM and only to people detected no further than 150 metres from lifeguard tow-

ers, we obtained an annual estimate of 15 million people (9% overall discrepancy). This 

shows that the lifeguard survey method is useful and effective but only for a limited spa-

tial and temporal range, resulting in a significantly underestimated annual count. The 

limitations of this method are overcome by the capabilities of drone surveys and auto-

mated analysis which, while conservative, provide more accurate and comprehensive 

beach use data. 

Table 3. Comparison between people count estimates from the lifeguard dataset and annual projec-

tion from drone surveys. Lifeguard data was obtained for the 2022 calendar year (source: City of 

Gold Coast Lifeguards and weekend-volunteer Surf Life Saving Queensland lifeguards). We en-

courage precaution when comparing these results because of different sampling methods; please 

refer to text below. 

 Lifeguard Observed  

(2022) 

Drone Survey Projection 

(2022–2023) 

Total people count 16,489,292 (unknown error) 34,080,959 ± SE 3.7 million 

Land to water ratio 1.59 1.21 

4. Discussion 

Our method provides a comprehensive view of beach usage on Gold Coast beaches 

that is both accurate and efficient. By integrating drone surveys, automated image pro-

cessing, and probabilistic modeling with the drone collected data, we were able to pro-

duce reliable annual estimates of beachgoer numbers. The combination of drone technol-

ogy and predictive modeling allows us to achieve a large spatiotemporal scope and level 

of accuracy that would be resource-intensive, or even impossible, with traditional survey 

methods. This method significantly reduces the cost and time required for data collection 

and analysis and can be adapted and applied to other locations. The flexibility of this ap-

proach makes it suitable for various environmental and geographical contexts, providing 

valuable insights into human usage patterns across different settings. 

Our findings reveal notable interactions between season, day of the week, and time 

of day on beach usage, emphasizing the need for dynamic management strategies that 

adapt to these temporal patterns. The observed increase in visitor numbers throughout 
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the day during low and medium seasons, especially on weekends (Figure 4), suggests that 

resource allocation such as lifeguard services and beach amenities could be optimized by 

anticipating higher afternoon activity. The reversal of this trend during peak season week-

ends, where counts were lower in the afternoon (Figure 4), highlights the potential influ-

ence of factors such as overcrowding or alternative recreational opportunities, which re-

quire further investigation. The strong effects of weather variables on activity-specific 

beach usage provide additional insights (Figures 5 and 6). For example, clean surf condi-

tions lead to significantly higher surfer counts, indicating that surf forecasting could be 

leveraged to anticipate crowd sizes. Although weather conditions such as temperature 

and wind speed had measurable effects on beach usage, limitations in our dataset—par-

ticularly the low number of surveys during medium rain probability—restrict our ability 

to generalize trends for all weather conditions. Future studies should extend data collec-

tion across a full year to improve model robustness and better understand the nuances of 

weather–beachgoer interactions. The spatial and temporal specificity of our findings un-

derscores their broader applicability to other coastal regions. By accounting for both sea-

sonality and environmental conditions, beach managers could refine staffing and resource 

deployment strategies to enhance safety and visitor satisfaction. However, caution should 

be exercised when extrapolating these results to other contexts, as local factors such as 

infrastructure and beach morphology could lead to different patterns. 

Drone surveys and AI offer significant advantages over manual counting, particu-

larly in scalability. Contrary to other methods of counting where costs increase in propor-

tion to the scale of deployment, drone surveys and AI can exhibit an economy of scale, 

where initial costs may be high but the marginal cost of scaling up diminishes. For in-

stance, besides personnel and expertise costs, initial investments in AI, for model training 

and pipeline development, are high but are one-time efforts that enable the models to 

handle larger datasets efficiently. However, researchers and managers must monitor for 

data drift, which could impact model performance if the new data differ from training 

data [60]. Extending drone surveys and AI to a larger area would be facilitated by the 

availability of data on beach usage patterns in the larger areas. In the absence of such data, 

drone surveys must be designed and scheduled to learn dynamically from ongoing sur-

veys. 

Visual manual counting can be saturated at high densities [61,62]. For instance, this 

could mean that in peak season, the lifeguard dataset could be consistently underestimat-

ing total counts because the visible appearances of a 1200 and a 2000 people spread on the 

beach (0.6x difference) could be indistinguishable to a human observer. On the other hand, 

differentiating from 360 and 600 people (also 0.6× difference) could be accomplished by 

an observer. Because the lifeguard counting method has not been independently ground-

truthed, our reasoning remains a conjecture. As the lifeguard counting method continues 

into the future, it will be important to design experiments that improve our understanding 

of its accuracy, precision, and granularity (e.g., see review by [13]). Object detection mod-

els can also be saturated when counting highly packed crowds [63], but additional deep 

leaning models (e.g., crowd density maps, density regressions) can be employed in those 

cases [64–66]. Our surveys did not capture the sporadic instances of high crowd densities 

that occur during large public events (e.g., airshows, sporting competitions, and concerts). 

Consequently, we did not use crowd density models, and our estimates do not include 

the contribution of these events to the total annual beachgoer count. 

Because the drone surveys were only undertaken over a 5-month period, our annu-

alized estimates could not be constructed using a timeseries forecast strategy. This means 

that our models did not have an explicit understanding of time. Instead, our statistical 

approach relied on modeling with certainty the expected people count from all combina-

tions of key factors (compartments, time of day, day of week and season) and then pro-

ducing annualized predictions based on the expected number of occurrences for each fac-

tor combination within a year. Furthermore, since season was not modeled as an explicit 

period of the year but instead as a structured level of usage (low, medium, and high), we 
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could model days of peak usage we did not observe. For instance, we were able to model 

periods of high expected usage during low seasons, such as winter school holidays with 

a high number of tourists. This approach is a robust and flexible statistical method able to 

produce estimates for the range of conditions expected during the entire year regardless 

of their chronological order. 

Differences between annual estimates from various counting methods and spatio-

temporal considerations highlight the importance of benchmarking different methods 

against each other. Moreover, other differences between data collection methods, such as 

precision and consistency, could contribute to the differences in the annual estimates. For 

instance, drone surveys and AI substitute the risk of individual and variable biases across 

different observers, days, and beaches via a consistent machine bias that can be mitigated 

and accounted for. Drone surveys demonstrate clear advantages by providing cost-effec-

tive access to highly accurate and detailed information (Table 4). 

Table 4. Comparing the capabilities of current monitoring methods with drone surveys and artificial 

intelligence analysis of beach visitor counts. Coverage refers to the amount of sampling in space and 

time. Accuracy is the closeness of people counts estimates to the true count. Precision is the closeness 

of repeated measurements. Data volume is the amount of data generated. Discrimination is the 

amount of change in the people truth count that can cause a distinguishable change in the people 

counting method. Granularity is the amount of detail captured by the counting method. 

  
Lifeguard Counting 

Program 

Drone Surveys + AI 

Counting Program 
  

Spatial coverage      Unknown 

Temporal coverage      Low 

Accuracy      Medium 

Precision      High 

Data volume       

Discrimination       

Granularity       

The City of Gold Coast Ocean Beaches Strategy—End of Life Review stated that an 

increasing population and the consequential changes to the use of beach amenities was 

one of the significant challenges for managing these natural assets into the future [67]. The 

work presented here supports a better understanding of these challenges by providing a 

more accurate tool with which to understand beach visitation and beach usage. Addition-

ally, the City publishes an annual State of the Beaches Report, which aims to provide an 

overview of Gold Coast beaches and their visitors, uses, and facilities, while demonstrat-

ing the City of Gold Coast’s role in coastal management [40]. The State of the Beaches 

report includes beach visitation counts per compartment, with a breakdown between 

swimming, surfing, and craft activities. The methodology presented here enhances these 

management tools by providing more accurate data to support the allocation of funds to 

beach protection, assets, and amenities. 

Satellite data could have provided complementary information to further explain 

some of the observed beach usage patterns. For example, satellite data can be used to (1) 

estimate the area of the beach available to visitors based on topography, slope, and tidal 

range; (2) provide insights into wave-breaking quality in the surf zone, which depends on 

local bathymetry and weather conditions; and (3) evaluate beach morpho-hydrodynamics 

[68,69]. However, there are practical challenges associated with incorporating such data. 

Calculating beach slope, and therefore beach width affected by tides, is not well standard-

ized across the literature, as it can be measured from different points of reference such as 

from the dune or berm to the shoreline (mean sea level) or low tide bar. Given the large 

spatial scale and the wide range of times and dates for our drone surveys, we were unable 

to use consistent slope and tide data from sources such as CoastSat [70]. Consequently, 
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our study does not account for the potential effects of these factors on beachgoer counts. 

Despite this limitation, we do not believe that beach slope, bathymetry, or tidal range 

would have significantly impacted most water-based and land-based activities in our 

analysis. Nevertheless, future studies could incorporate satellite data and other comple-

mentary methods to provide further insights into how such environmental variables in-

fluence beach usage patterns. 

Future studies could also incorporate the quantification of travel time, visitation fre-

quency, and length-of-stay patterns among beachgoers. Understanding where visitors are 

traveling from, the number of beach visits they undertake, and the average length of stay 

would enable the estimation of complementary management indicators such as the total 

number of unique visitors, the economic impact on the region, and a deeper understand-

ing of the factors driving beachgoer behavior [71]. This additional data could also prove 

valuable for estimating economic losses following catastrophic events, such pandemics, 

that lead to reduced visitation (e.g., [72]). 

5. Conclusions 

Using drones and AI for data collection provides a fast, non-invasive, and spatially 

extensive method, offering detailed insights into beach use and enhancing the credibility 

of beach use data, actively mitigating risks associated with inaccurate assessments. This 

method has provided precise beach use quantification and categorization, which allows 

for an objective assessment of beach use, including temporal and spatial trends. In turn, 

this supports coastal management and strategic planning, including cases for increased 

funding or targeted investment in erosion protection, beach accessways, showers, toilets, 

lifeguard services, community engagement campaigns, or events planning. 

Supplementary Materials: The following supporting information can be downloaded at 

https://www.mdpi.com/article/10.3390/drones8100579/s1: Table S1: Number of drone surveys per 

location, showing lifeguard tower and beach compartment IDs ordered from North to South; Table 

S2: Drone effort for weather-based explanatory variables; Table S3: Comparison of number shelter 

estimates between in situ manual counting method and Land–Water detection model; Table S4: Sta-

tistical model; Figure S1: Observed counts from 507 drone surveys per compartment, season and 

day of the week. 
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