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2 
 

The fast development of camera technologies opens a breakthrough opportunity for 21 

animal ecology, particularly at the marine realm where observing wildlife is 22 

challenging. These outstanding technological advances are meeting with the impressive 23 

capabilities of artificial intelligence for enabling automatic extraction of relevant 24 

information from videos and images. Altogether, this may be a unique opportunity for a 25 

qualitative jump in marine wildlife assessment but substantial strengthening of the links 26 

between theorists, empiricists and engineers is still required. Specifically, a recent 27 

theory proposes that animal density can be estimated from (1) the counted animals per 28 

frame, (2) the area surveyed by the camera and (3) the probability of detecting an 29 

animal that is actually within the area surveyed by the camera. However, a potential 30 

drawback for applying this theory to the real world is that environmental dependencies 31 

of camera's detection probability may lead to biased estimates of animal density. 32 

Therefore, here we propose a sampling protocol and a statistical model of general 33 

application for estimating (and accounting for) the environmental factors affecting fish 34 

detectability when estimating fish density with cameras. The method implies one 35 

calibration sampling with cameras and with the preferred reference method at the same 36 

time and place. The relevance of this method is that, once calibrated, it can be used to 37 

obtain unbiased estimates of fish density at new sites and moments using only cameras. 38 

Thus, fish density could be estimated at the temporal and the spatial scale needed, but 39 

with substantially less effort than any other reference methods (e.g., underwater visual 40 

censuses). As a proof of concept, we evaluated the dependence of camera's detection 41 

probability on habitat complexity (e.g., cavities, rocks, seagrass, etc.) as a proxy for the 42 

hiding capability of a small serranid. In that specific case, probability of detection seems 43 

to be independent of habitat complexity. However, the sampling protocol and the 44 

statistical model provided here open the opportunity to estimate fish density using 45 



3 
 

underwater cameras at wider temporal and/or spatial scales, which will help to better 46 

understanding the ultimate drivers of marine fish population dynamics and further 47 

development of science-based management. 48 

 49 

KEYWORDS 50 

fish density, home range, animal detectability, unbaited vertical underwater cameras, 51 

underwater visual census. 52 

 53 

1. INTRODUCTION 54 

 Accurate and precise knowledge of animal density and its variation in time and 55 

space are prerequisites for setting a science-based wildlife management. However, 56 

animal density is often difficult to estimate at the required time and/or space scales, at 57 

the needed detail, and with the demanded accuracy and precision. These difficulties 58 

certainly exacerbate at the marine realm, where one of the conventional methods for 59 

assessing abundance of many coastal fish are underwater visual censuses (UVCs). The 60 

UVCs suffers from some well-known drawbacks (Edgar et al., 2004; Katsanevakis et 61 

al., 2012). Biases may occur due to different behavioral responsiveness of fish species 62 

to the presence of divers (Lindfield et al., 2014), observer-related effects (Dickens et al., 63 

2011) or within-transect variability (Kulbicki et al., 2010). Most of these problems are 64 

currently dealt with by using highly standardized protocols because biases are assumed 65 

consistent for a given species, thus allowing between-study comparisons (Ackerman 66 

and Bellwood, 2000; Ward-Paige et al., 2010).  In addition, UVCs are time and effort 67 

consuming, and sample sizes tend to be small both at temporal and at spatial scales 68 
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(Thompson and Mapstone, 1997), which do not necessarily introduce bias but imply 69 

worse precision and wider confidence intervals. 70 

 On the other hand, the fast development in camera technology is opening a 71 

breakthrough opportunity for observing marine wildlife. The main advances that 72 

promote the use of cameras are miniaturization, decreased cost, shock proofing, water 73 

proofing over a wide depth range, long-life batteries, high-capacity memory cards and 74 

high-definition images (Struthers et al., 2015). In addition to those outstanding 75 

technological advances, the impressive capability of deep learning and other artificial 76 

intelligence techniques is now enabling automatic extraction of information from videos 77 

and images (Mandal et al., 2018; Salman et al., 2019; Sun et al., 2018; Xu et al., 2019). 78 

Automatic fish sampling can comprise fish detection, fish species classification and fish 79 

biomass measurement (Álvarez-Ellacuría et al., 2019; Salman et al., 2019). Therefore, 80 

merging the technological capabilities of underwater cameras for observing marine 81 

wildlife with a hitherto unknown level of detail with the data mining capabilities of 82 

artificial intelligence opens a unique opportunity for a qualitative jump in marine 83 

wildlife ecology. However, a substantial strengthening of the links between theorists, 84 

empiricists and engineers is still needed for properly connecting the information 85 

extracted from underwater images/videos with relevant ecological variables. 86 

 In this sense, the theoretical links between the true animal density and what is 87 

actually recorded by a camera remain as a major challenge. From the theoretical side, it 88 

has been recently proposed that animal density can be accurately and precisely 89 

estimated after properly combining (1) the counted animals per frame from an unbaited 90 

camera, (2) the area surveyed by the camera, and (3) the probability of detecting a fish 91 

that is actually within the area surveyed by the camera (Campos-Candela et al., 2018; 92 

Follana-Berná et al., 2019). This method is robust against the same fish entering in and 93 
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out from the area surveyed by the camera (Campos-Candela et al., 2018). From those 94 

three variables, estimating the probability of detection is usually a major challenge. 95 

Concurrent sampling with cameras and the preferred reference method at the same time 96 

and place, has been recently proposed as a calibration method to estimate cameras 97 

detection probability with high accuracy and precision (Follana-Berná et al., 2019). 98 

After completing such a calibration, it is possible to obtain unbiased estimates of 99 

fish density at as many new sites and moments as needed, using only cameras. Thus, 100 

fish density could be estimated at the temporal and the spatial scale required by fish 101 

ecologists and marine wildlife managers, but with substantially less cost-effort than 102 

needed when using any other traditional sampling method (e.g. UVCs). One of the 103 

implicit assumptions to apply this strategy, however, is that detection probability should 104 

be the same everywhere, otherwise, any change in camera's detection probability will be 105 

wrongly attributed to a change in fish density. For example, even when fish density is 106 

the same at two different sites, fish may be harder to be detected by a camera at more 107 

complex habitats where they can hide behind rocks, in cavities or inside seagrass 108 

meadows. In this latter scenario, the recorded counts per frame may be smaller and fish 109 

density will be underestimated when ignoring such a habitat-specific detection 110 

probability. Here we propose a calibration protocol by concurrent sampling and a 111 

statistical model of general application for estimating (and accounting for) the 112 

environmental factors affecting fish detectability when estimating fish density with 113 

unbaited remote underwater cameras.   114 

 115 

2. MATERIAL AND METHODS 116 

2.1. Study area, study species and sampling design 117 
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 Concurrent sampling with cameras and with the reference method (UVC) was 118 

completed in a shallow coastal area (5 to 20 m depth) of Mallorca Island, Spain (Fig. 1). 119 

The study area covered an environmental gradient ranging from rocky bottoms to 120 

seagrass meadows of Posidonia oceanica, where the painted comber (Serranus scriba) 121 

lives abundantly. This small serranid is widespread throughout all the Mediterranean 122 

coastal waters and is exploited by recreational fishers (Morales-Nin et al., 2005). 123 

Moreover, the theoretical framework linking camera counts and density (Campos-124 

Candela et al., 2018) only applies when fish density is stationary at the spatial and 125 

temporal scales recorded by the camera. This assumption meets for any fish displaying 126 

a home range space occupancy pattern (Campos-Candela et al., 2018), understood as a 127 

bounded and temporally stable area within which an individual remains most of the time 128 

(Rodriguez, 2002; Van Moorter et al., 2009), as it is the case of S. scriba (March et al., 129 

2010). Therefore, the targeted species and the selected study area are appropriate for 130 

testing the null hypothesis that camera detectability differed depending on the structural 131 

complexity of fish habitats. 132 

A total of 40 sampling points were randomly selected within the study area (16,000 133 

m2), with the constraint that between-point distance were larger than 20 m (Fig. 2). A 134 

preliminary trial ensured that the abundance of S. scriba was not spatially autocorrelated 135 

within this sampling setting. Sampling was then performed in four randomly selected 136 

days, between February and March 2018. First, ten camera devices (see details below) 137 

were deployed each day on the seabed from a boat. The deployment started at 8:00 am 138 

and we kept the cameras until 12:00 pm on the seabed to ensure the maximum time 139 

recording. Due to battery life, the maximum time that a camera recorded was about 3 140 

hours and 15 minutes. Just after recording, a specifically designed UVC (see details 141 

below) was completed at same points where cameras were deployed. Due to bad 142 
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weather conditions, only 80% of sampling points (32 out of 40) were covered by UVCs  143 

(Table 1).  144 

 145 

2.2. Underwater-camera devices and underwater visual census 146 

 Each underwater-camera device consists of a vertical structure built with PVC 147 

pipes and provided with two action cameras Sony HDR AS50® on the top, separated 148 

each other by a distance of 20 cm and looking down with an angle of 45º (Fig. 3A). The 149 

underwater-camera device incorporates a counterweight at the base and a buoy at the 150 

top, which ensures its vertical position at any moment (Fig. 3B). The cameras are 151 

located at 150 cm from the base of the device. The seabed area surveyed by a camera 152 

was 5.0 m2. An observer manually surveyed the 40 videos produced. The first minute of 153 

recording after the device landing on the sea floor were discarded in order to avoid any 154 

abnormal fish behavior. Then, the number of individuals in one single frame every 120 155 

seconds were counted, which rendered by about 90 independent frames counted per 156 

video. Previous trials ensured that temporal autocorrelation between frames is not 157 

relevant at this counting frequency. In practice, the reading was made easier by using a 158 

viewing software that jumps from the actual target frame to a few seconds before the 159 

next target frame. Fish movement largely facilitated fish detection during these few 160 

seconds but only those fish that are strictly present at the target frame were counted. 161 

 Concerning the reference method to estimate fish density, when a perfect 162 

detection probability can be assumed (Preference = 1), then camera counts will render 163 

estimates of the absolute fish density after camera detectability (Pcamera) has been 164 

properly accounted for (Follana-Berná et al., 2019). Otherwise, camera counts would 165 

render relative estimates of the fish density at the scale of the reference method 166 
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(Follana-Berná et al., 2019). Therefore, a specific protocol was designed for 167 

maximizing the likelihood that all fish actually present within the area surveyed by the 168 

reference method was counted. According to the characteristics of the species and the 169 

heterogeneity of the habitat, stationary UVCs were carried out by two divers in a 170 

circular area of 5 m radius centered at the camera device (Fig. 4). A weighted rope of 5 171 

m length was attached to the base of the camera device. One of the divers stayed just 172 

over the camera while the other diver was drawing a 5 m radius circle holding the tip of 173 

the weighed rope. The weighed rope triggers the flight of any fish when dragged over 174 

the seafloor, even when fish are hidden within meadow patches or crevices. In case of 175 

discrepancy between the numbers of fish recorded by the two observers (one case out of 176 

the 32 UVCs), the largest count was kept.  177 

 178 

2.3. Habitat characterization 179 

 Provided that the main goal of this contribution is to quantify and account for 180 

habitat-related changes in camera detectability, sea bottom characteristics of the 40 181 

sampling points were used to classify them into three discrete categories (March et al., 182 

2013). This discretization procedure was preferred as a proxy of the 183 

hiding/camouflaging capability of fish, it combines the four variables measured to 184 

describe the sea bottom structure (coverage of three types of habitat substrate and 185 

depth), and allows a more intuitive interpretation. The coverage (%) of three types of 186 

habitat substrate were: (1) hard substrate with low roughness (i.e., from sandy to 187 

gravel); (2) hard substrate with high roughness (i.e., big rocks with many crevices and 188 

sharp slope changes, with variable coverage of small-sized algae); and (3) percentage of 189 

seagrass (P. oceanica). The three types of habitat substrate were transformed according 190 

to 𝑙𝑙𝑙𝑙𝑙𝑙(𝑋𝑋𝑖𝑖 𝑙𝑙𝑔𝑔𝑙𝑙.𝑚𝑚𝑔𝑔𝑚𝑚𝑚𝑚(𝑋𝑋)⁄ ), where 𝑋𝑋𝑖𝑖 is one of the three percentages and geo.mean is the 191 
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geometric mean of the three percentages at a given point (Aitchison, 1983). Then, depth 192 

and the coverage-transformed variables were submitted to a principal components 193 

analysis (PCA) using the function RDA of the library Vegan (Oksanen et al., 2018) of 194 

the R package. The first axis was only keep after the Broken Stick Model criterion. 195 

Finally, PCA’s scores were used to classify into three discrete categories using the k-196 

means algorithm as implemented in the kmeans function (R package).  197 

 198 

2.4. Modeling fish density and fish detectability 199 

 Concerning the UVCs, the number of fish counted at the i sampling point 200 

(N.UVCi) was given by (Follana-Berna et al., 2019): 201 

𝑁𝑁.𝑈𝑈𝑈𝑈𝑈𝑈𝑖𝑖 ∼ 𝑝𝑝𝑙𝑙𝑝𝑝𝑝𝑝𝑝𝑝𝑙𝑙𝑚𝑚�𝐴𝐴𝐴𝐴𝑔𝑔𝑚𝑚.𝑈𝑈𝑈𝑈𝑈𝑈 ∗ 𝐷𝐷𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐,𝑑𝑑𝑐𝑐𝑐𝑐�    eqn 1 202 

where N.UVCi is assumed to be Poisson distributed around a mean value given by the 203 

product of: (1) the fish density (D), which is allowed to vary between the three sea 204 

bottom habitat categories (hereafter category; fixed factor) and between the four 205 

sampling days (day; random factor), and (2) the area surveyed by the UVC (Area.UVC). 206 

 For the case of the cameras, the number of fish counted at the i sampling point 207 

and at the j frame is given by (Follana-Berna et al., 2019): 208 

𝑁𝑁.𝑈𝑈𝐴𝐴𝐶𝐶𝑖𝑖,𝑗𝑗 ∼ 𝑝𝑝𝑙𝑙𝑝𝑝𝑝𝑝𝑝𝑝𝑙𝑙𝑚𝑚(𝜇𝜇𝑈𝑈𝐴𝐴𝐶𝐶𝑖𝑖)       eqn 2 209 

𝜇𝜇𝑈𝑈𝐴𝐴𝐶𝐶𝑖𝑖  ~ 𝑚𝑚𝑙𝑙𝐴𝐴𝑚𝑚𝑚𝑚𝑙𝑙 (𝐴𝐴𝐴𝐴𝑔𝑔𝑚𝑚.𝑈𝑈𝐴𝐴𝐶𝐶 ∗ 𝐷𝐷𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ,𝑑𝑑𝑐𝑐𝑐𝑐 ∗ 𝑃𝑃. 𝑐𝑐𝑚𝑚𝑚𝑚𝑔𝑔𝐴𝐴𝑚𝑚𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 , 𝜎𝜎𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)  210 

N.CAMi,j (where i = 1 to 40 sampling points and j = 1 to aprox. 90 frames per video) is 211 

assumed to be Poisson distributed around a mean value given by the product of: (1) The 212 

same fish density (Dcategory,day) from eqn 1, (2) the area surveyed by the camera 213 

(Area.CAM), and (3) the probability of detecting a fish that is actually within the area 214 
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surveyed by the camera (P.camera), which is allowed to vary between the three sea 215 

bottom categories considered (category; fixed factor). σcamera is the variation between 216 

cameras. 217 

 The parameters of this integral model (i.e., combining eq. 1 and eq. 2 in a single 218 

analysis) were fitted using a Bayesian approach. Samples from the joint posterior 219 

distribution of Dcategory and P.cameracategory given the data (fish counts from the UVCs 220 

and fish counts from the cameras), were obtained using JAGS (Plummer, 2015) 221 

(http://mcmc-jags.sourceforge.net/ accessed 26 May 2019) and the r2jags library (Su 222 

and Yajima, 2015) of the R package (R Core Team, 2017 (http://www.r-project.org/ 223 

accessed 26 May 2019).  Virtually flat priors were used: normal distribution with zero 224 

mean and a huge variance were assumed for the log-transformed Dcategory. Gamma 225 

distributions (rate=0.01, scale=0.01) were assumed for the inverse of two squared 226 

standard deviations considered (σday, σcamera). Any additional detail on the model 227 

structure have been made available in an R script provided as Supplementary Material.  228 

Three Monte Carlo Markov Chains (MCMC) were run. The convergence of the MCMC 229 

chains was assessed by visual inspection of the chains and was evaluated using the 230 

Gelman-Rubin statistic (Gelman et al., 2015). Posterior distributions of the model 231 

parameters were estimated by 4,500 valid iterations after appropriate burning (the first 232 

15,000 iterations were discarded) and thinning (only one out 10 iterations were kept). 233 

Provided that  probabilities of detection (P.cameracategory) seem to be the same for all the 234 

three bottom categories (see the Results section), a second analysis was run after 235 

considering the same value of P.camera for all the sampling points. The best model was 236 

selected after comparing the Deviance Information Criterion (DIC). 237 

 238 
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3. RESULTS 239 

 Concerning habitat substrate characteristics, the variables depth and three habitat 240 

substrate coverage (%) allowed the classification of the 40 sampling points into three 241 

sea bottom categories (Fig. 5 and 6): (1) Seagrass patched, mainly covered by habitat 242 

substrate of P. oceanica with patches of hard substrate with low roughness, and located 243 

at high depth; (2) Mixed bottom, covered by the three habitat substrate types, and 244 

located at medium depth; and (3) Rocky bottom, mainly covered by hard habitat 245 

substrate of high roughness, and located at low depth. The most frequent category of sea 246 

bottom in the study area was Seagrass patched in 22 sampling points, followed by 247 

Mixed bottom in 13 sampling points, and Rocky bottom in five sampling points (Fig. 6). 248 

 The number of fish counted by bottom category resulting from the UVC, after 249 

standardizing for the area surveyed were 0.013 (0.011), 0.016 (0.016) and 0.017 (0.010) 250 

fish/m2 (mean and standard deviation) at Seagrass patched, Rocky bottom and Mixed 251 

bottom categories respectively. The same figures for cameras were 0.010 (0.045), 0.018 252 

(0.060) and 0.016 (0.057) fish/m2 (mean and standard deviation). Therefore, fish density 253 

may be slightly smaller at the first bottom category and cameras detectability may be 254 

close to the detectability of UVCs. However, it is difficult to extract any clear 255 

conclusion from these raw data provided the large variability at the between-samples 256 

level, although standard deviation must be considered in this case only a crude 257 

approximation of such variability. 258 

 Conversely, the Bayesian analyses successfully converged (Tables 2 and 3) and 259 

provided a clearer picture. Firstly, the probability that a camera detects a fish that is 260 

actually within the area surveyed (P.cameracategory) seems to be similar when comparing 261 

the three bottom categories. Certainly, the median value of camera's detectability at 262 

Rocky bottom (0.74) was slightly smaller than in the other two bottom categories 263 
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(Seagrass patched: 0.76; Mixed: 0.75). However, the 95% of the Bayesian credibility 264 

intervals of these three values largely overlapped (Fig. 7, Table 2). Accordingly, a 265 

second analysis was competed after ignoring the bottom category (i.e., a single value of 266 

detectability for all the sampling points). This second model outperformed the first one 267 

(DIC of the simplest model was smaller; tables 2 and 3), thus it was selected for further 268 

discussion. 269 

 In the case of the simplest model, the median of the detection probability 270 

(P.camera) reached a value of 0.86, with a narrower 95% Bayesian credibility interval 271 

(0.54 to 0.99) (Fig. 8, Table 3). The fish density estimated by the simplest model 272 

fluctuated between 0.007 and 0.041 ind/m2, which are within the range previously 273 

reported for S. scriba in the Western Mediterranean (Arechavala-López et al., 2008; 274 

Deudero et al., 2008; Follana-Berná et al., 2019; García-Charton and Pérez-Ruzafa, 275 

2001; Ordines et al., 2005). Certainly, density was slightly higher at Rocky bottoms 276 

(median = 0.018 ind/m2) and Mixed bottoms (median = 0.016 ind/m2) in comparison 277 

with Patched seagrass (median = 0.013 ind/m2; Table 3). Thus, it is noteworthy that 278 

fish density seems to be slightly different between bottom categories while detectability 279 

seems to be independent of fish density and/or bottom category (Tables 2 and 3). 280 

 281 

4. DISCUSSION 282 

 Substantial advances are still required in order to link the data actually extracted 283 

from cameras with ecologically relevant variables. The hypothesis that the average 284 

number of fish per frame in a video is given by the product of the true animal density, 285 

the area surveyed by the camera and the probability of detecting a fish that is actually 286 

within the area surveyed (Campos-Candela et al., 2018; Follana-Berná et al., 2019) is 287 
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certainly appealing. A concurrent estimation of fish density and fish detectability using 288 

the fish counts obtained with both, cameras and the reference method, has been 289 

demonstrated to be accurate and precise (Follana-Berná et al., 2019). The relevance of 290 

this strategy lies in that, after camera detectability (P.camera) has been calibrated once, 291 

fish density can be estimated at any new place and time using cameras only, which 292 

implies a substantial saving of sampling effort. Nevertheless, this proposal would apply 293 

if and only if camera's detectability remains constant; otherwise, any change in 294 

detectability will be wrongly attributed to a change in fish density even when the later 295 

remains constant. 296 

 Several variables may affect fish detectability when using a camera. One of the 297 

most obvious is that fish may find more shelters and places where they can remain 298 

hidden and for undetected in certain habitats. Thus, a plausible null-hypothesis is that 299 

fish detectability will be smaller at more complex habitats. The present study focused 300 

on how to evaluate and statistically manage those environmental dependencies of fish 301 

detectability succesfully. The target species S. scriba is abundant along a gradient of 302 

habitats, and despite that, this gradient might imply different opportunities to remain 303 

undetected by an underwater camera, the resulting probability of detection did not show 304 

any environmental dependency. Therefore, the estimated detection probability after 305 

pooling sampling points ignoring bottom categories (86% of the fish are detected by a 306 

camera) can be readily used to estimate fish density at new places and times using only 307 

cameras. However, this result is specific for S. scriba and for the considered 308 

environmental gradient. In general, the effects of any other environmental variable 309 

effecting detectability must be previously tested and, eventually, accounted for. For 310 

example, the variable(s) affecting detection probability may be continuous (e.g. water 311 

turbidity), and the driver(s) of fish density may be other variable(s). Thus, the sampling 312 
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strategy should cover the whole gradient, for example, water turbidity or other case 313 

specific variables. In the case of a continuous variable, a logit-transformed linear 314 

combination is the usual solution. Therefore, aimed with the goal of being a proof of 315 

concept contribution, a second R scrip is provided as Supplementary Material. In the R 316 

script, we develop a general case, with a fully worked simulation showing how to 317 

prepare the input data, how to complete the Bayesian analysis, and how to use the 318 

model for obtaining precise and accurate estimates of fish density at sites where only 319 

cameras has been deployed. 320 

 Differences in fish behavior may be a potential limitation of the method. With 321 

the viewing protocol of the videos, fish detection on a frame is facilitated by detecting 322 

fish movement during a few seconds, and therefore, detection probability may be 323 

enhanced when fish are more active. Accordingly, seasonal or periodic calibration 324 

should be advisable when temperature (Beever et al., 2017) or fish state (e.g., spawning) 325 

are expected to modify behavior. Similarly, seasonal changes in the bottom 326 

characteristics may be properly managed after seasonal/periodic calibration. Moreover, 327 

despite not having detected any relationship between abundance and fish detectability in 328 

our case, the existence of density-dependent behavior should be considered too 329 

(Andersen et al., 2017). 330 

 From the technical side, here we propose the use of vertical cameras against 331 

horizontal cameras, which is supported by two potential advantages. First, some fish 332 

may remain occluded by rocks or other benthic structures, and therefore not being 333 

detected when using horizontal camera (Zarco-Perello and Enríquez, 2019). Second, the 334 

area actually surveyed by horizontal cameras is not easily measurable and any 335 

uncertainty in this variable will be inevitably translated to fish density uncertainty (eq. 336 

2). Certainly, this challenge can be solved using stereoscopic cameras, which allow the 337 
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user to estimate the distance between any fish and the camera (Díaz-Gil et al., 2017; 338 

Follana-Berná et al., 2019), but it would imply a significant added effort when 339 

analyzing the videos. 340 

 The use of baited cameras deserves some comments too because this is 341 

nowadays the preferred alternative. The most common argument in favor of using 342 

baited cameras is that more individuals and species can be recorded by time unit 343 

(Whitmarsh et al., 2017). However, the theoretical rationale proposed by Campos-344 

Candela et al. (2018) implies that fish freely moves within its home range with no 345 

additional stimulus. In that case, the harmonic potential field that determines the space 346 

use can be easily defined (Campos-Candela et al., 2018). To enlarge this theoretical 347 

background for incorporating the new and dynamic potential field related with the bait 348 

is appealing but challenging. Until it is clarified, the time-dependent counts provided by 349 

baited cameras cannot be mechanistically related with fish density.   350 

 Concerning the calibrating method, stationary and relatively small circular 351 

UVCs were proposed as the reference method to estimate fish densities. This method 352 

presents three potential advantages (Colvocoresses and Acosta, 2007). First, a small 353 

area make reliable to design a relatively simple protocol for ensuring that virtually all 354 

fish within the area surveyed were counted. Secondly, fish counts in a small area can be 355 

safely assumed synoptic, which supports a proper comparison with fish counts at video 356 

frames. Conversely, standard UVCs cover a few hundred of m2, thus some fish may 357 

enter and out the area surveyed during the census (Pais and Cabral, 2018; Ward-Paige et 358 

al., 2010). The third advantage is that a small area ensures environmental homogeneity, 359 

while  conventional UVCs uses to cross environmental gradients, which could be an 360 

uncertainty source if not accounted for (Lara and González, 1998). Nevertheless, the 361 

optimal reference method design will be case- and species-specific. 362 
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 Concerning the optimal sampling design in terms of spatial and temporal 363 

replicates needed for achieving a required precision for fish density estimates, 364 

individual-based simulations suggest that the use of cameras may be a reliable 365 

alternative for monitoring density of many animals with a home range space occupancy 366 

pattern (Campos-Candela et al., 2018); and, therefore, for many coastal fish (Follana-367 

Berná et al., 2019). This statement has been criticized because the estimated sampling 368 

efforts may be unaffordable given the resources at hand or the particularities of species 369 

specific systems (Abolaffio et al., 2019). However, some sampling programs that may 370 

seem a priori unreliable (e.g., many cameras or long sampling times; Abolaffio et al. 371 

(2019)) can be in fact feasible thanks to advances in cameras technology and/or imaging 372 

and data processing (Campos‐Candela et al., 2019). Technological advances in 373 

underwater cameras are impressive, thus the number of cameras, the deployment time or 374 

the area surveyed will not be a limiting factor in the next future (Matabos et al., 2015, 375 

2014). Conversely, extracting data from videos may be a severe bottleneck when they 376 

have to be viewed by an observer, as in our case. However, Deep Learning 377 

methodology is already being applied to extract biological data from fish images 378 

(Álvarez-Ellacuría et al., 2019; Moen et al., 2018) and the impressive advances in the 379 

field of artificial intelligence presages that automatic interpretation of videos will be a 380 

constraint neither (Salman et al., 2019; Tabak et al., 2019; Willi et al., 2019). 381 

 In summary, the results reported here suggest that, at least for some species, fish 382 

monitoring with underwater cameras at large spatial and temporal scales may be a 383 

reliable alternative in the near future. In this scenario, the combination of underwater 384 

cameras and artificial intelligence will represent a unique opportunity for a qualitative 385 

jump in the way marine wildlife is observed. 386 

 387 
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Figures and tables 559 

 560 

Figure 1. Map of the southwest coast of Mallorca. An arrow indicates the study area 561 

 562 

 563 
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 564 

Figure 2. Location of the 40 sampling points. The black line delimited the study area. 565 

The colors of the sampling points indicates a different sampling day. 566 

 567 

 568 

 569 
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Figure 3. Underwater cameras device.  570 

 571 

 572 

 573 

Figure 4. Outline of the UVC protocol for calibrating probability of detection. The 574 

circled fish will be counted because it is within the area surveyed by the UVC. The red 575 

triangles are the scuba’s field of view. 576 

 577 

 578 
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 579 

Figure 5. PCA results. The points are the 40 sampling points. Between-point distance 580 

denotes sea bottom dissimilarity as measured by three types of habitat substrate 581 

variables and depth. Sampling points has been classified into three categories according 582 

with their scores on the first PC1 axis (80.8%). The same color code for categories has 583 

been used in all the figures. An archetypal image of a sampling point of each category 584 

has been added at the top. 585 

  586 

 587 
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 588 

Figure 6. Coverage percentage (Y-axis) of the three types of habitat substrate for each 589 

of the three sea bottom categories (words in bold) into which the 40 sampling points has 590 

been classified. The labels at the X-axis refer to the coverage of (1) Hard substrate with 591 

low roughness (i.e., sandy to gravel); (2) Hard substrate with high roughness (i.e., rocky 592 

with many crevices and sharp slope changes, with variable coverage of small-sized 593 

algae; and (3) coverage of P. oceanica seagrass. The central box is defined by the range 594 

between the 25% and 75% quantiles (interquartile range, IQR). The median is denoted 595 

by the wide line. The whiskers represent 1.5 IQR and the points are the sites with 596 

coverage smaller (or larger) than 1.5 IQR. 597 

 598 

 599 
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 600 

Figure 7. Results of complex model. Estimated fish density (X-axis) and category-601 

specific detectability (Y-axis). The median (points) and the 95% Bayesian credibility 602 

intervals are indicated. Note that 95% BCI largely overlap for detectability (Y-axis). 603 

The same color code for categories has been used in all the figures. 604 

 605 

 606 
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 607 

Figure 8. Results of the simple model. Estimated fish density (X-axis) at the three 608 

bottom categories but just one common detectability (Y-axis). The median (points) and 609 

the 95% Bayesian credibility intervals are indicated. The same color code for categories 610 

has been used in all the figures. 611 

 612 

 613 

Table 1. Number of sampling points surveyed per day. 614 

Day 1 2 3 4 TOTAL 
UVC 9 6 10 7 32 
RUV 10 10 10 10 40 

 615 

 616 

 617 
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Table 2. Complex model. D (fish density: ind/m2) and P.camera (camera detectability) 618 

were estimated for each one of the three categories into which the 40 sampling points 619 

have been classified (Patched seagrass, Rocky bottom and Mixed bottom). Standard 620 

deviation for between cameras variability (sd.cam) and for between days variability 621 

(sd.day) are indicated. The median and 95% BCI are indicated. R.hat values close to one 622 

indicate convergence of MCMC. Better models will display smaller values of Deviance 623 

Information Criterion (DIC). 624 

 2.5% 50% 97.5% Rhat 

D [Patched seagrass] 0.008 0.013 0.021 1.002 

D [Rocky bottom] 0.007 0.019 0.038 1.001 

D [Mixed bottom] 0.010 0.017 0.030 1.001 

P.camera [Patched seagrass] 0.347 0.762 0.988 1.032 

P.camera [Rocky bottom] 0.190 0.740 0.984 1.001 

P.camera [Mixed bottom] 0.329 0.753 0.986 1.001 

sd.cam 0.053 0.070 0.095 1.001 

sd.day 0.069 0.191 0.805 1.001 

DIC = 1440.8     

 625 

 626 

 627 

Table 3. Simple model. D (fish density: ind/m2) were estimated for each one of the 628 

three categories into which the sampling points have been classified (Patched seagrass, 629 

Rocky bottom and Mixed bottom) but a common P.camera (detection probability) value 630 

has been estimated for all the sampling points. Standard deviation for between cameras 631 
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variability (sd.cam) and for between days variability (sd.day) are indicated. The median 632 

and 95% BCI are indicated. R.hat values close to one indicate convergence of MCMC. 633 

Better models will display smaller values of Deviance Information Criterion (DIC). 634 

 2.50% 50% 97.50% Rhat 

D [Patched seagrass] 0.007 0.013 0.020 1.003 

D [Rocky bottom] 0.008 0.018 0.036 1.001 

D [Mixed bottom] 0.009 0.016 0.027 1.002 

P.camera 0.539 0.831 0.991 1.001 

sd.cam 0.052 0.068 0.092 1.001 

sd.day 0.068 0.191 0.759 1.001 

DIC = 1439.7     

 635 


