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SUMMARY: The spatial distribution of the pearly razorfish, Xyrichthys novacula at 

the Marine Reserve of Palma Bay was described and analyzed by using baited 

underwater cameras. This relatively new methodological approach is low cost, easy to 

handle and provides high quality images. Razorfish is a small coastal marine fish 

inhabiting soft bottoms. The abundance of most of the species with these 

characteristics is difficult to estimate by using visual censuses because it buries in the 

sand in the presence of scuba divers. Relative abundance of razorfish at the study site 

has been estimated and found significantly related with depth, presence/absence of P. 

oceanica and sand grain type. Conventional statistical models for count data (i.e., 

Poisson distribution) were found inadequate for the current data set. Conversely, a 

zero inflated Poison distribution has been successfully applied with both explanatory 

purposes (to test the significance of the effects of environmental variable on 

abundance) and predictive purposes (to produce an abundance map covering the 

spatial scenario considered. The combination of the methodological and statistical 

 
 



tools implemented here may constitute a new approach for improving monitoring and 

management of soft bottoms species and other marine ecosystems. 

 

RESUMEN: El estudio de la distribución espacial de los peces marinos costeros que 

habitan fondos de arena en la Reserva Marina de la Bahía de Palma se ha desarrollado 

mediante el uso de cámaras submarinas con cebo, que son de bajo coste, gran calidad 

de imagen y fácil de manejar. Con esto se pudo filmar al raor, Xyrichthys novacula, una 

especie que vive en fondos de arena y su abundancia es difícil de estimar utilizando 

censos visuales, ya que se entierra en la arena ante la presencia de buceadores. 

Fuimos capaces de estimar tres factores clave para la abundancia de esta especie: la 

profundidad, la presencia/ausencia de P. oceanica y el tipo de grano de arena, siendo 

esta última la más importante. Para llevar a cabo el análisis estadístico se desarrolló un 

nuevo modelo basado en "zero inflated distribution" con el que hemos obtenido 

valores bastante óptimos y, como resultado, ha sido posible realizar las predicciones 

con mayor precisión. Por último, se pudo confeccionar un mapa de predicción con 

todos los datos, de manera que de las diferentes muestras se logró hacer un mapa de 

gran precisión, con lo que tenemos en nuestras manos una nueva herramienta para la 

gestión y control de especies que habitan fondos de arena y hemos creado las bases 

para mejorar una nueva técnica para el estudio de otros ecosistemas marinos. 

 

RESUM: L'estudi de la distribució espacial dels peixos marins costaners que habiten 

fons d'arena a la Reserva Marina de la Badia de Palma s'ha desenvolupat mitjançant 

l'ús de càmeres submarines amb esques, que són de baix cost, gran qualitat d'imatge i 

fàcil de manejar. Amb això es va poder filmar al raor, Xyrichthys novacula, una espècie 

que viu en fons d'arena i la seva abundància és difícil d'estimar utilitzant censos 

visuals, ja que s'enterra a s'arena davant la presència de bussejadors. Vam ser capaços 

d'estimar tres factors clau per l'abundància d'aquesta espècie: la profunditat, la 

presència/absència de P. oceanica i el tipus de gra d'arena, sent aquesta darrera la més 

important. Per dur a terme l'anàlisi estadístic es va desenvolupar un nou model basat 

en "zero inflated distribution" amb el qual hem obtingut valors força òptims i, com a 

resultat, ha estat possible realitzar les prediccions amb més precisió. Finalment, es va 



poder confeccionar un mapa de predicció amb totes les dades, de manera que de les 

diferents mostres es va aconseguir fer un mapa de gran precisió, de manera que tenim 

a les nostres mans una nova eina per a la gestió i control d'espècies que habiten fons 

d'arena i hem creat les bases per a millorar una nova tècnica per a l'estudi d'altres 

ecosistemes marins. 
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ITRODUCTION 

 

The spatial distribution of exploited marine fish species has very important 

implications for fisheries sustainability (Garrison & Link, 2000; Berkeley et al., 2004). 

Understanding how fish is distributed in a spatially heterogeneous scenario and 

identifying essential habitats (those waters and substrate necessary to fish for 

spawning, breeding, feeding, or growth to maturity) are key issues when coping with 

population dynamics of exploited fish stocks (Lindeman et al., 2000). Unfortunately, 

most management measures continue to be based on the assumption that fish 

populations are spatially homogeneous (McCauley et al., 1993; Tuck & Possingham, 

2000). Moreover, most data on spatial and temporal distribution of fish comes from 

fisheries data (landings) or from fisheries-like gears but very few is known on the 

factors affecting gear catchability. The complex interactions between catchability, fish 

behaviour and the (unobserved) true spatial-temporal distribution are potentially 

biasing our perception of the currently sampled spatial-temporal distribution, which 

clearly can affect decision-making processes (Helfman, 1993; Axenrot et al., 2004). 

One of the main drawbacks when estimating the spatial distribution of fish 

species abundance is the potential biases related with sampling methodology (Fowler, 

1987). Different methodologies have been traditionally used for estimating fish 

abundance in marine environments. The most used methods for non-commercial 

coastal marine species are mark-and-recapture and visuals censuses (Harmelin-Vivien 

et al., 1985; García Charton et al., 2000), while for commercially exploited species the 



most used methods are based on landings, fishing effort, age-structure and stock-

recruitment relationships (Quinn & Deriso, 1999). 

The mark-and-recapture method (Buxton & Alien, 1986) implies to catch some 

fish, which are marked and released. Absolute abundance may be estimated after 

analyzing the proportion of marked/unmarked fish from additional samples. Those 

additional samples may be based on experimental fishing sessions or came from the 

commercial/recreational fishing effort. Visual censuses consist in the identification and 

counting of fish observed within a defined area, whether doing snorkel or scuba diving 

(Reñones et al., 1997; Ordinas et al., 2005). The use of underwater cameras is related 

with visual censuses. In some case, the diver loads video images instead of counting 

fish (Harvey et al., 2002a). In other cases, the camera is remotely driven or it remains 

static at a fixed point (Tessier et al., 2005; Tessier & Chabanet, 2006). The images are 

usually analyzed offline, at the lab (Cappo et al., 2004). Promising advances in 

automatic processing of video images are in progress, including species identification, 

counting and measuring (Cappo et al., 2003). 

Any method has some potential sources of bias. The better known example is 

fishing, which is known to be size-selective (e.g., Yunne-Jai Shin et al., 2005). Mark-

and-recapture methods are costly and time consuming (e.g., Palmer et al., 2011) and 

nevertheless they are not free from fishing bias because marking, recaptures or both 

are usually made by standard fishing gears. 

Underwater imaging is especially adequate when non-destructive methods are 

preferred (e.g., marine protected areas). Baited underwater cameras (BUC) are a 

promising alternative. Baited cameras have been used in rocky bottoms, for assessing 

the abundance of scavengers species, for determining relative density of carnivorous 

reef fish (Willis & Babcock, 2000), for assessing reef fish populations in marine reserves 

(Langlois et al., 2006). This method has been used also to assess shallow-water fish 

assemblages at the Mediterranean Sea (Storbart et al., 2007). This study deals with fish 

populations at shallow (10-20 m) rocky habitats and it accurately describes the device 

used and the optimal deployment times for getting representative video samples. In 

addition, BUC data are compared with those obtained by Underwater Visual Census 

(UVC) at the same locations. The results reported suggest that although BUC estimates 



species richness reliably and the great advantage of BUV over UVC remains its lack of 

depth and time restrictions (Storbart et al., 2007).  

To assess the abundance of fish inhabiting soft bottoms is especially difficult. 

Most of the species inhabiting those habitats tend to bury into the sand and visual 

census give clearly biased estimates (Lieske & Myers, 1994; Katsanevakis, 2005). That 

seems to be the case of the pearly razorfish, Xyrichthys novacula (Linnaeus, 1758).  

 

 

 

 
Fig. 1. Distinction between a female specimen of pearly razorfish and a male specimen. 

 

Pearly razorfish is one of the most targeted species by recreational fishers at 

the Balearic Islands (Morales-Nin et al., 2005; Morales-Nin et al., 2010) and at other 

places around the Mediterranean. This labrid exhibits a wide spatial distribution range 

including the Western Atlantic (from North Carolina to the North of the Gulf of Mexico 

and from the Caribbean to Brazil), Eastern Atlantic (form the southern coast of Spain to 

the south of Cape Lopez, Gabon), Mediterranean, Azores, Madeira, Canary Islands, 

Cape Verde and Sao Tome Island (Froese & Pauly, 2002).  X. novacula is a protogynous 

monandric hermaphrodite (there are a specimens with only juvenile females, where a 

certain percentage of females changes into "terminal" male) exhibiting marked sexual 

dimorphism (Marconato et al., 1995; Candi et al., 2004), a relatively short lifespan (8 



years, Froese & Pauly, 2002) and a maximum total length of 320 mm (Froese & Pauly, 

2002). Sex inversion or transition typically occurs at 79% of the fish’s maximum size 

(Linde & Palmer 2008), and spawning occurs in the warm season with a peak in August 

(Cardinale et al., 1998). Previous studies suggest that the preferred habitats of this 

species are coarse or very coarse unvegetated sandy bottoms (Katsanevakis, 2005) or 

soft bottoms vegetated by Cymodocea nodosa meadows (Tuya et al. 2005), where it 

feeds on small benthic prey (Cardinale et al., 1997; Castriota et al., 2005a; Castriota et 

al., 2005b). Razorfish occupies a mid level at the food web (Blanco et al., 2009; Box et 

al., 2010). 

BUCs have never been used to evaluate spatial distribution of fish inhabiting 

soft bottoms of coastal areas of the Mediterranean Sea and may be a promising 

alternative. The objective of this study was to evaluate this novel method for 

estimating the spatial distribution of fish inhabiting soft bottoms of coastal areas. We 

selected the case of X. novacula because it is one of the most abundant fish in these 

habitats in the Balearic Islands, where it is highly exploited by the recreational fishery. 

The specific objectives of this study were: 1) to design a low-cost, high-definition, fast 

and easy to operate BUC device, 2) to test the feasibility and usefulness of such a BUC 

design in the field, 3) to disentangle which environmental drivers are affecting the 

spatial distribution of the relative abundance of the razorfish, such as depth or grain 

size of the soft bottom and 4) to use these inferred relationships and appropriate geo-

statistical tools for producing a map of estimated abundance of razorfish at the Marine 

Reserve of Cap Enderrocat (south Mallorca, Balearic Islands). 

 

 

 

 

 

 

 

 

 



Methods 

 

Study area 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2. Map of the MPA of Palma Bay showing the 84 sampling points and different habitats. 

 

 The study was carried out the Marine protected area (MPA) of Palma Bay 

located in the South of Mallorca Island (NW Mediterranean, Fig. 2) which constitutes 

one of the most important razorfish fisheries in the south of Mallorca. Fishing activities 

have been regulated in the Palma Bay MPA since 1982 (Fisheries Department, Balearic 

Islands Government). There are two areas with different degrees of protection: a no-

take area (~2 km
2
) and a buffer area where both artisanal and recreational fishing are 

regulated (e.g. gear limitations, temporal closures) but not prohibited. Most of the 

bottom of the MPA is characterized by the presence of the endemic Mediterranean 



seagrass, Posidonia oceanica (Fig. 2). However, the southern buffer area is dominated 

by sandy and gravel (soft) bottoms, the optimal habitat for Xyrichtys novacula (Fig. 2). 

 

 

Description of the BUC device 

 

 

Fig. 3. GoPro HD camera used to record the samples. 

 

 We used three cameras GoPro HD brand. These cameras record images in 1080 

pixels quality. Wearable and gear mountable, waterproof to 60m, capturing 

professional 170º wide angle 720p video and 127º semi-wide angle 1080p video and 

take plus 5 megapixel photos. The rechargeable lithium-ion battery lasts for 2.5 hours 

of constant recording and, with a "32 gb sdcard", it is possible to record for 4 hours. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4. Structure where we put the camera to record. 

 



 
 

Fig. 5. BUCs mounted and ready for sampling. 

 

 

 
 

Fig. 6. Pilchard bait used to made to attract the fish. 

 

 

 The structures were made with stainless steel. As seen in Fig. 4, they have the 

shape of a four sided truncated pyramid. The cameras were placed in the central tube 

structure and fastened by the clamping device that camera incorporates. 

 

 

 



Sampling design 
 

 

 84 sampling points were randomly selected within the study area. At each 

sampling point, a BUC device was deployed for 20-30 minutes. Three BUC devices were 

operated at the same time, which allowed completing the sampling program in six 

journeys, from 10:00 am to 16:00 pm 

 At each sampling site the following environmental variables were recorded: 

 - Sampling point ID 

- Geographical position (UTM position) 

 - Date and time 

- Bottom type (presence/absence of the following categories): 

   "Posidonia": if there is Possidonia oceanica plant 

   "Cymodocea": if there is Cymodocea nodosa plant 

   "Caulerpa": if there is Caulerpa racemosa/prolifera algae 

   "Bentospla": if the sandy bottom is flat 

   "Bentosdunes": if the sandy bottom has pronounced undulations 

   "Closques": if there is the presence of remains of shells and exoskeletons 

   "Arenafina": if the bottom is fine sand 

   "Arenagruixada": if the bottom is coarse sand 

 In addition, the following environmental data from different sources are 

available for each sampling point.  

Depth (measured with the boat transducer) 

Distance to the nearest patch of Posidonia oceanica. 

              Bottom type category from LIFE-POSIDONIA project (Govern de les Illes 

Balears, 2001). 

 

Abundance estimation 

 

Offline estimates of the abundance of razorfish were done by counting fish 

independent fish tracks. An independent fish track is defined by the positions of the 

fish from the moment it appears within the visual scene of the camera till the moment 

the same fish disappears. 



Relative abundance of razorfish were estimated by counting the number of 

independent fish tracks during the first 30 minutes from the moment the BUC device is 

deployed at the bottom. 

 In addition to razorfish, the relative abundance of any other species has been 

estimated by the same method. 

 

 

Data analysis 

 

 The statistical analysis of fish counts is challenging (Millar, 2011). The 

conventional approach for relating environmental variables with species abundance is 

the use of linear models as, for example, analysis of variance (ANOVA) or regression. 

The two basic implicit assumptions of these methods are residuals normally distributed 

and variance homoscedasticity (Zuur, 2009). However, fish counts are structurally non-

normal and more sophisticated methods are needed. The most usually distribution 

assumed in the case of fish count is Poisson distribution because it is categorical and 

positive-defined (Zuur et al., 2009). However, by definition, the Poisson distribution 

implies an astringent condition on the relationship between mean and variance 

(Millard, 2011). Most of the real data sets do not fit such a constraint because the 

problem of zeroes excess (it is said that the distribution is overdispersed, Zuur, 2009). 

Frequently, the observed fish abundance is the results of two processes. The count 

process itself may give any value including zero (“true” zeroes: fish are not here 

because the habitat is unsuitable). However, for a variety of reasons, fish may be there 

but they are not detected (“false” zeros). The resulting distribution is typically a mixing 

of a Poisson distribution and a binomial distribution (the later distribution determines 

the probability of obtaining a false zero). This family of models is known as zero 

inflated Poisson (ZIP) models (Zuur et al., 2012). 

The second problem with fish counts usually arise for logistic reasons. In order 

to minimize costs, usually samples are not temporally independent in the sense that 

some of them are taken in the same boat journey. Thus, day-related effects are 

affecting in different way different groups of samples depending on the sampling day. 

This problem is efficiently solved by means of the so-called mixed models (Zuur et al., 

2009). Mixed models combine fixed factors (for example, depth) with random factors 



(for example, sampling day). The effect of random effects is assumed to have zero 

mean and only its variance is estimated. 

Finally, the third problem when dealing with fish counts is specific for the cases 

when samples are taken at very short geographical distance each other. In these cases, 

the assumption of between-samples independence may be violated. This means that, 

irrespective of the environmental variables of a site, it is possible to observe more (or 

less) fish than expected simply because the sampling site is very close to another site 

displaying more (or less) fish. This effect is known as spatial autocorrelation and is a 

hot topic in the field of geostatistics (Legendre, 1993). The conventional way for 

testing the existence of spatial autocorrelation is to check if closely located samples 

are more similar between them than samples located at larger distances. This is 

achieved by means of a semivariogram (Legendre, 1993) which specifically compares 

the variance of all pairs of sampling sites falling within a progressively larger distance 

intervals. 

Accordingly, the roadmap adopted here for analyzing the data was: 

1) To complete a Generalized Linear Mixed Model (GLMM, Bates & Maechler, 

2010) assuming a Poisson distribution and to inspect the model residuals for 

overdispersion and spatial autocorrelation. The following fixed factors were 

considered: depth, squared depth (in order to accommodate an unimodal relationship 

of fish counts with depth; that is, larger abundance at an optimal depth and smaller 

abundance at both lower and higher depth), bottom type (two categories from the 

LIFE-Posidonia map) and distance to the nearest P. oceanica patch; the following 

random factors was considered: Day (sampling points sampled within the same day). 

This maximal complexity model was submitted to a progressive (step by step) 

simplification strategy based on the Akaike information criteria (AIC). This strategy 

favors models with maximum explanatory power and minimum complexity. 

After model fitting, model residuals were inspected for spatial autocorrelation 

(using the variog function of the geoR library of the R package (http://www.r-

project.org) and for overdispersion (comparing the final model with the fully saturated 

model, as suggested by Zuur et al., 2012).  



2) The results of the later residual analyses show that the assumption of 

Poisson distributed data is highly unrealistic and the data seems to show zeroes 

excess. Therefore, the following ZIP model was evaluated: 

),(  ZIP~ πµijijFishCount  

)-(1 πµijijntExpFishCou =  

iijijijijij DayEffectoniaDistaPosidBottomTypeDepthDepthLog +++++= 43

2

210)( βββββµ  

)(0, Normal ~ σjDayEffect
 

γπ  )( =Logit  

where i denotes the number of days and j the number of points sample in a day. 

However, currently there is no closed statistical package allowing the fit such a 

ZIP models including random effects. Therefore, this model was fitted using the 

Bayesian machinery as implemented in JAGS. Conventional tools were used for 

assessing proper mixing of the Monte Carlo Markov chains (MCMC), its convergence 

and lack of autocorrelation (thinning interval = 500; Number of chains = 3; Sample size 

per chain = 1000). 

After model fitting, model residuals were inspected for spatial autocorrelation 

(using the variog function of the geoR library of the R package (http://www.r-

project.org) and for overdispersion (comparing the final model with the fully saturated 

model, as suggested by Zuur et al., 2012). Residuals appeared not to be spatially auto 

correlated (see Results), therefore geostatistical models (those that explicitly model 

autocorrelation between samples; Legendre 1993, Holmes et al., 2007; Kendrick et al., 

2008, Fourqurean et al., 2001; Zupo et al., 2006) have not been considered. 

 

 

 

Results 

 

Predictive variables 

 Concerning the bottom type, the observed data from the images was recorded 

as presence/absence of seven categories that were partially correlated. Three BUCs 

were deployed on P. oceanica patches and they were excluded from any subsequent 



statistical analyses. The matrix of presence/absence from the remaining 61 sites was 

submitted to a correspondence analysis (CA) in order to reduce dimensionality 

(Borcard et al., 2011). The two first axes from this CA explained 96% of the variability 

of the raw data and depicted two clearly defined groups of samples. 

Relatedness of these two groups with those obtained from the LIFE-Posidonia 

classification was evaluated by means of a discriminant analysis (Borcard and 

Legendre, 2011). The results of the latter analysis clearly support that LIFE-Posidonia 

bottom type was correctly (97%) predicted from observed bottom type (as 

summarized by the scores on the first two CA axes). Therefore, in the subsequent 

analyses, LIFE-Posidonia bottom type was used as bottom type descriptor. 
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Fig. 7. Biplot (bottom types and sites) resulting from a Correspondence analysis of the observed 

(cameras) bottom type. LIFE-Posidonia bottom types are indicated in red (coarse grain) and black (small 

grain). Note that some of the 61 sampling sites have the same combination of presence/absence of the 

raw variables, and thus they are overlapped. 

 

 The spatial patterns of the three environmental variables considered are shown 

in Fig. 8. In the first map we can see the distance to the nearest patch of P. oceanica 

(farther sites in red; closest sites in blue). The central map shows the bathymetry of 

the study area, where shallower areas are denoted in blue and deeper areas in red. 

Finally, the map obtained LIFE-Posidonia is shown in the right panel. The two main 



bottom type categories fine sand (strong blue) and coarse sand (lighter blue). The 

areas in brown correspond to P. oceanica patches (detailed explanation of the other 

bottom type categories are provided in Fig. 2). 

 

 

Fig. 8. Maps of the three predictive variables (distance to the nearest P. oceniaca patch, 

bathymetry and LIFE-Posidonia bottom type) used as predictive variables in the modeling 

procedure. 

 

 

Poisson GLMM 

 

The estimated coefficients for the (conventional) Poisson GLMM are detailed in table 

1. All the variables considered have an statistically significant effect on fish counts. 

  

Coeficient Estimate SE Prob. 

Intercept -0.505 0.983 0.609 

Depth 0.230 0.105 0.027 

Depth
2
 -0.005 0.002 0.060 

Bottom type (coarse grain) -1.047 0.163 <0.001 

Distance to P. ocenaica 0.0027 0.0003 <0.001 

 

Table 1. The coefficients of the final model selected. The variance of the random effect was  

0.095. 



 

The GLMM model residuals are not spatially correlated, as suggested by the 

semivariogram (Fig. 9). However, the model residuals are heavily overdispersed (the 

ratio between the sum of residuals and the degrees of freedom is 8.65, while the 

expected value in the case of no overdispersion is 1), therefore, the implicit 

assumption that the fish counts are Poisson distributed is unrealistic. 
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Fig. 9. Semivariogram of the GMMM residuals. Each data pair is classified within a distance lag 

(x-axis). ). Dashed lines indicate the 95% confidence interval. In the case of no spatial correlation, it is 

expected that the similarity between the samples within a lag-class (measured by means of its variance; 

y-axis) should be independent of the distance between samples. 

 

ZIPmodel 

 

 The coefficients for the ZIP model are detailed in table 2. Note that in this case, 

a Bayesian approach has been used, thus coefficients are not assumed to be fixed but 

it has a distribution (referred as “posterior distribution”) and the credibility interval 

gives you the correct interval of the distribution (say, for example) 95 % of the time. 

The term “credibility interval” is preferred because it is analogous but not equal to the 

frequentist (conventional) confidence interval. Similarly, the Bayesian approach does 



not provide “significance tests” in the same way the frequentist approach does. 

Bayesian inferences are made based on the posterior distribution. For example, when 

a parameter has very low chance (say, less than 5%) to be zero, then it is said that it 

has a “significant” effect. This strategy is widely used in the literature (for example, 

Latimer, 2009) but it is certainly an abuse of such a terminology. In summary, 

accordingly with the posterior distribution of the coefficients depicted in Table 2, the 

results of the Bayesian fit of the ZIP model suggests that the main drivers of fish 

abundance are bottom type and distance to the nearest P. oceanica patch. The weight 

of depth and depth
2
 seems to be smaller because the 95% CI includes zero. The 

estimated percentage of false zeros in the fish counts is estimated (from δ) in 34%, 

which is certainly a high figure. 

  

 2.5% 25% 50% 75% 97.5% 

β0 2.349 2.580 2.682 2.778 2.992 

β1 (Depth) -0.0781 -0.0450 -0.0275 -0.0113 0.0205 

β2 (Depth
2
) -0.0119 -0.0077 -0.0056 -0.0035 0.0006 

Β3 (Bottom type) -0.575 -3.632 -0.258 -0.146 -0.057 

Β4 (Distance to P. ocenaica) 0.0004 0.0009 0.0012 0.0015 0.0021 

δ (false zeroes parameter) -1.222 -0.849 -0.660 -0.485 -0.162 

σ Day effect 0.0053 0.0055 0.1158 0.1993 0.5557 
 

Table 2. Model coefficients. The confidence intervals including zero are denoted in smaller 

italics. 

 

The ZIP model residuals are not spatially correlated, as suggested by the 

semivariogram (Fig. 9). In addition, the ratio between the sum of residuals and the 

degrees of freedom drops from 8.65 of the GLMM to only 1.79 in the ZIP model. The 

expected value in the case of no overdispersion is 1, thus it is acceptable that ZIP 

distribution is a realistic assumption for fish counts. 
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Fig. 10. Semivariogram of the ZIP model residuals. Each data pair is classified within a distance 

lag (x-axis). Dashed lines indicate the 95% confidence interval. In the case of no spatial correlation, it is 

expected that the similarity between the samples within a lag-class (measured by means of its variance; 

y-axis) should be independent of the distance between samples. 

 

ZIP model predictions 

 

 Parametric bootstrap using the coefficients estimated from the ZIP model was 

used in order to visualize the model predictions for each one of the 50*50 m 

(confirmar tamaño) squared cells of the marine reserve of Cap Enderrocat (Badia de 

Palma). 1,000 random realizations were simulated for each one of the 2,595 cells 

considered. The number of expected razorfish at unsuitable habitats (bottom type) 

were constrained to be zero (e.g., at patches of P. oceanica or at rocky bottoms).   

 The averaged number of expected razorfish was mapped (Fig. 11). Maximum 

abundance is expected around the core area, where distances to P. oceanica patches 

are maximal. Razorfish seems to prefer the strip parallel to the shore with finer grain 

soft bottom. The area with soft bottom but coarse grains seems to be less suitable. The 

shoreline, which is characterized by a rocky bottom or by a bottom with algae seems 

to be unsuitable. Areas at 30 m depth or deeper seems to be unsuitable too, 

independently of the bottom type. 



 

Fig. 11. Expected number of razorfish at the Marine reserve of Cap Enderrocat (Badia de 

Palma). Estimated fish counts from a BUC device deployed during 30 minutes. 

 

 In order to better visualize the effects of the grain size, the simulated fish count 

from fine and coarse grains were compared (Fig. 12). The number of razor fish 

(averaged from the 1,000 simulations) for the cells from coarse grain bottoms were 

compared with those from fine grain bottoms. The mean number of razor fish at fine 

grain bottoms seems to be higher, but its variability is larger too. The abundance 

distribution at fine grain bottom appears to be bimodal, with a mode at ≈12 razorfish 

and another one at ≈1 razorfish. The mean number of razorfish at coarse grain 

bottoms is smaller (≈7) but with smaller variance too. 



 
 

Fig. 12. Comparison between the simulated number of razorfish from coarse grain and fine 

grain bottom type. 

 

 

 

 

 

Discussion 

 

 The spatial distribution of fish has a key role on population dynamics because 

determines the fishing vulnerability and therefore, the catchability, of individuals to be 

harvested. However, most of the common management assumes homogeneous 

spatial distribution of fish (McCauley et al., 1993; Tuck & Possingham, 2000), which 

may under or overestimate the true biomass and abundance of fish stocks. One of the 

most important causes of this drawback is the lack of unbiased methods to estimate 

fish abundance. Here, we have developed a new method to estimate the spatial 

distribution in fish that inhabits soft-bottoms habitats. Furthermore, a proper 

approach of statistical analysis adapted to the characteristics of this kind of data 

(dominated by zeros) has been used. The study provides very useful information for 

managers and establishes the basis for long-term fish assessment trough video 

cameras. 

 Estimating fish abundance is an old and unresolved problem that the fisheries 

researchers copy when asses for the spatial distribution of fish. Most of the methods 



are biased due different reasons, the most important being selective processes or 

direct interaction between the fish and the device. For example, estimating 

abundances trough fishing, both using hook-and-line or nets produces biased 

estimation of the fish abundance due small fish is not vulnerable (i.e., small fish are not 

captured until they reaches a vulnerable size). To minimize these potential biases, 

fisheries scientists have designed different methods based in video cameras which are 

not free of technical limitations. For example, resolution or the duration of the video 

camera devices is one of the most important limitations of these methods.  

 Recently, technological advances have allowed to us to design a novel method 

based in video cameras with advantages in cost, memory size, autonomy and facility to 

deploy. With the miniaturization of the cameras (that is the case of the camera Go pro 

Hero Ltd.), researchers have gained new possibilities to explore patters of wildlife in 

their natural environment. The device used here has allowed us to estimate the 

abundance of fish species at relatively low cost and teeming effort. Low cost opens the 

possibility of sampling simultaneously with multiple devices at the same time, which 

notably improves the sample size by unit of effort. This possibility makes affordable to 

increase the number of samples (videos) and allow producing accurate maps with 

time-effective effort.  

 Reducing costs and effort is very important when we assess the fish abundance 

of relatively scarce species. In this is the case, of the pearly razorfish, which in Balearic 

Islands is only found during August, September and October. Estimations on this fish 

species have been based on counting the number of specimens that appeared in a 

video. It has been observed that fish behaves normally near a BUC. For example, some 

males exhibiting aggressive fighting behavior have been recorded. Therefore, this 

method appears to be suitable for species that tend to bury into the presence of the 

scuba diver (Lieske & Myers, 1994; Katsanevakis, 2005). 

 Irrespective of the sampling method, fish counts of relatively scarce species as 

the razorfish are characterized by a high probability of observing “zeros”. Contrasting 

with the case of P. oceanica meadows, soft bottoms seem to be poorer (in terms on 

structure of habitat) and the density of fish fauna inhabiting them is very low, not only 

in term of diversity but also in biomass. However, this some species are well adapted 

at this habitat by, for example, displaying cryptic color or, in the case of the razorfish, 



by buring in the sand). Then, when analyzing the abundance of these species, the data 

are prone to have more zeros than expected from a Poisson distribution. This is not so 

common in fish that inhabit, for example, P. oceanica meadows where the data 

generated even follow a normal distribution (Stobart et al, 2007). Therefore, the 

analysis of zero inflated data needs more sophisticated statistics when the objective is 

to test the effects of environmental variables such as depth, micro-structure of habitat, 

or to map of abundance. 

 Here we have used a Bayeasin approach to asses the abundance of the pearly 

razorfish and to test the effects of different environmental variables that explain its 

distribution. The model assumes a zero inflated distribution. This distribution can be 

separated in two input distributions, a binomial, that determines the detection 

probability, and a Poisson distribution that determines the expected number of fish 

given a specific combination of environmental variables. The modeling process has 

performed well rendering robust results in terms of the relationship between fish 

abundance and environmental predictors. Interestingly, the model includes the effect 

of day of sampling. Fish activity (and thus, detection probability) may change due to 

multiple causes related to the day (e.g., day with more clouds cover or turbidity). The 

approach adopted here allows us to include such a variance related to the sampling 

day. With this approach, the modeling becomes more powerful and accurate and 

allowed us to obtain better estimations of fish abundance. 

 Concerning the depth effects, the optimal abundance range is 10-25 m (e.g. 

Katsanevakis, 2005). Similarly, razorfish tend to be more abundant at sites far from P. 

oceanica patches. However, the most important environmental factor affecting fish 

counts at Palma Bay seems to be the type sand grain. The map provided by LIFE-

POSIDONIA projects (http://lifeposidonia.caib.es) provides accurate information on the 

sand type at very detailed spatial scale, thus, allowing us to enlarge the model 

predictions to the spatial scenario considered. The largest abundance is predicted at 

strip with fine grain sand but it is noteworthy that the variance of estimated fish 

counts is very high at these sites, suggesting that other factors (e.g., depth) may be 

important too. 

 The power and the prediction ability of our approach allow us to estimate 

razorfish abundance for the fishery studied at a detailed spatial scale. We divided the 



study site in grid of 50x50 m (that is, more than 2,500 cells) and we estimate the 

expected abundance at each cell as a function of the environmental predictors. The 

result is an accurate map of razorfish distribution that can be used for multitude of 

research and management objectives. First, this type of maps can be used for 

understanding the habitat preferences of any other species having some role in the 

design of marine protected areas. The razorfish seems to prefer sites combining fine 

grain sand, intermediate depth and far from P. oceanica patches. Fine grain sand 

bottoms may allow this species bury itself in the sand (Katsanevakis, 2005). To identify 

suitable areas for this species can help to protect populations from fishing via marine 

protected areas. Moreover, develop new methods of mapping such as the used here is 

important to design effective assessment of fish stocks. Then, exploring the changes of 

the fish distribution over time (temporal data series) can generate better 

understanding of the drivers of the populations dynamics of this species, including the 

effects of both human-related factors (e.g., fishing or climatic change) or other 

environmental factors. Finally, accurate description of the distribution of sedentary 

fish species allows to testing different hypothesis on he drivers of the recreational fleet 

dynamics and how it affects fish abundance. Understanding how fishers exploit fish 

patches have fundamental implications for unbiased estimation of fishing mortality. 

  

Conclusions:  

1: With this new visual estimation method with video camera, abundance 

estimates were obtained at low cost, high performance and image quality, wider depth 

range and better maneuverability. 

  2: We have implemented a proper statistical model for scarce fish, such as 

those inhabiting soft bottoms. 

 3: Razorfish abundance is mainly affected by distance to the nearest P. oceanica 

patch and by sand grain type. 

 4: The abundance map produced may be very useful for managing fishing 

effort. Future studies could include monitoring of marine reserves and fishing points of 

interest, both professional and recreational. 
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