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ABSTRACT  

Fish recognition and classification are challenging when performed on video data obtained in non-controlled environments 
(NCE’s) such as in natural waters. Many NOAA Fisheries surveys use underwater cameras to gather video data for this purpose, 

which facilitate the analysis of fish populations. Since the amount of data is large, manual data analysis is insufficient. Automatic 

processing tools are necessary. Most techniques that extract features from fish are in two categories. In the first, features are specific 
to fish but not necessarily to a particular species. Yet, such measurements are often unreliable when extracted from video obtained in 

NCE’s, since they strongly depend on the aspect of fish with respect to the camera. In the second, features are generic and may 

include texture and shape descriptors. Such features do not target specific species of interest. In this paper, we present an automatic 
technique using Gabor filters to extract characteristic features from two important species, namely, Epinephelus morio (which has a 

vertical band located at the tale) and Ocyurus chrysurus (which has a long horizontal line that runs across the body). The proposed 

algorithm is tested on 200 frames, each containing several fish and non-fish regions. The detection rate is 70.6% for Epinephelus 
morio and 80.3% for Ocyurus chrysurus, while 23.5% of the undetected Epinephelus morio cases do not have a visible tail band, and 

16.7% of the undetected Ocyurus chrysurus cases do not have a visible straight body line. The false alarm rates are 3.8% and 2.1%, 

respectively.  
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BACKGROUND 

Underwater video and still images are used by many programs within National Oceanic and Atmospheric Administra-

tion (NOAA) Fisheries with the objective of identifying and quantifying living marine resources. The NOAA Southeast 

Fisheries Science Center (SEFSC) – laboratories at Pascagoula, MS, Panama City, FL, and Beaufort, NC, all conduct 

annual fishery independent reef fish surveys using video, trap, and hook gear. The surveys target reef habitat and yield 

demographic data and abundance indices used in assessments for many federally managed species. Video techniques 

overcome the fish sampling limitations imposed by depth, fish behaviour, seafloor rugosity, and the selectivity inherent in 

hook, trap, and trawl methods (Cappo et al. 2006). In a given year, cameras are deployed at a large number of locations that 

are not amenable to sampling with nets or other means. Some of the systems use stereo pairs of cameras (Boynton and Voss 

2005) that allow fish lengths to be estimated while others are used simply to identify and count the fish present. Analyses of 

the images from these surveys are used to produce indices of abundance and size distributions for the fish species observed. 

These data, in turn, are used in stock assessment models that ultimately influence regulations for the harvest of reef fish. 

Human analysts are required to view each image sequence to identify and enumerate fish species present at each location 

and measure their lengths. The process of manual analysis is both labour intensive and time consuming and is a significant 

limitation on how much this type of population sampling can be utilized. Automated image analysis capabilities are 

desperately needed in order to take full advantage of current image data collection technology.  

Recent efforts to automate analysis of underwater images (Spampinato et al. 2010, Wilder 2010, Williams et al. 2012) 

of fish has focussed on detection and tracking of fish in sequences of images. Motion of the fish against a relatively static 

background has been exploited for detection and proven methods of object tracking (Li 2010) have been used to track fish 

from frame to frame. Accurate detection and tracking allows the number of fish present during a given time to be deter-

mined, but the ultimate goal is to count the number of fish of each species. Thus the next step in the process of automation 

is classification. A human analyst uses a multitude of cues to visually identify fish species. However, the primary features 

used are morphological properties such as shape of the body, head, fins, and tail and patterns in coloration. Two species 

having distinctive patterns in coloration that are frequently observed in survey images in the Gulf of Mexico are red grouper 

– Epinephelus morio (Valenciennes, 1828) and yellowtail snapper – Ocyurus chrysurus (Bloch, 1791) . 

In underwater grayscale images, Epinephelus morio (EM) frequently display a light colored band near the margin of the 

caudal fin that contrasts strongly with a black band on the extreme margin. On the other hand, Ocyurus chrysurus (OC) 
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have, as their common name indicates, a yellow caudal fin. 

The same color extends in a tapering band along the side of 

the body through the eye to the anterior end of the head. In 

grayscale images, this band appears dark in contrast to the 

body’s background color. 

The two species were selected in this work for their 

great importance in the Gulf of Mexico. More specifically, 

EM is the most abundant grouper species in the Gulf of 

Mexico. It accounts for the bulk of the commercial grouper 

landings, and is the second most commonly caught grouper 

species recreationally. OC are fished along the US south 

Atlantic coast and south-eastern Gulf of Mexico. They are 

managed as a single stock with allowable catches distribut-

ed between the south Atlantic and Gulf of Mexico regions. 

Currently, the stock allowable biological catch (ABC) is 

set at 2.9 million pounds, with 0.725 million pounds (25% 

of ABC) going to the Gulf of Mexico.  

Gabor Filters Used For Fish Feature Extraction 

In this paper, Gabor filters (GF) are used to extract 

species-specific features from EM and OC. Gabor filters 

are widely used for texture segmentation (Fogel and Sagi 

1989, Vyas and Regi 2006) and feature extraction 

(Shrivakshan 2011). In its most general form, the GF is a 

complex sinusoid (shown in Figure 1-A) modulated by a 

Gaussian (shown in Figure 1-B). An example of a GF filter 

is depicted in Figure 1-C. The mathematical representation 

of a horizontally oriented spatial GF is as follows:  

 

 

    (1 ) 

 

where A is a constant, F is the spatial frequency, and σx and  

σy are the standard deviations of the GF in the x and y 

directions respectively. As will be described later in the 

paper, the feature extraction techniques employed in this 

work require that the filter is scaled according to the fish 

size. The GF filter was employed in this work owing to the 

ease with which its parameters can be tuned. The literature 

review of previous works on fish classification is found in 

Cadieux et al. (2000), Sampinato et al. (2010), Shrivakshan 

(2011), Wilder (2010), and Williams et al. (2012). 

 

A GF oriented vertically exhibits a strong response for 

horizontal details as shown in Figure 2-A. Similarly, a GF 

oriented horizontally emphasizes vertical details as shown 

in Figure 2-B. The size of the filter is adjusted according to 

the size of the fish being tested by assigning the filter 

standard deviation to be proportional to the square root of 

the fish area. In other words, 

 

 

 

where α is a user defined constant empirically chosen to be 

0.035.     

Figure 1. 1-D Gabor filter. A. Sinusoid. B. Gaussian. C. Gabor filter.  

 
Figure 2. 2-D Gabor filters with  
A. GF oriented vertically. B. GF oriented horizontally. 

Epinephelus morio Feature Extraction Using Gabor 

Filters 

EM has a bright band on its tail, a feature that is spe-

cific to its species. An example is depicted in Figure 3-A. 

In order to detect this feature, the original fish image is 

first multiplied by its region mask, which is shown in Fig-

ure 3-B, to isolate the fish from its surroundings, as shown 

in Figure 3-C. The region mask is automatically obtained 

by subtracting the original image from the estimated back-

ground image (Piccardi 2004), and by setting equal to 1 

(white) or 0 (black) all pixels that exceed or fall below 

user defined thresholds, respectively. The background 

image is obtained as the pixel-wise median of several 

frames (Han and Davis 2012). The resultant image is fil-

tered separately with a horizontally and a vertically orient-

ed GF to obtain images Ihor(x,y) and Iver(x,y) as shown in 

Figures 4-A and 4-B, respectively. The image ratio, 
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is used to emphasize the stripe as shown in Figure 4-C. In 

order to eliminate the effect of vertical stripe-like edges in 

Ihor(x,y) associated with the fish outline, a zone of pixels 

around the fish outline is set to zero. This is achieved by 

employing an erosion operation using a square structural 

element of size . In most cases, the edg-

es are caused by the intensity difference between the fish 

region and the background.  

In order to quantify the presence of the stripe, the fol-

lowing approach is used. First, a vertical moving average 

(MA) filter, fMA(y) of size WEM × 1 is applied on 

to emphasize cases of consecutive vertical high 

intensity pixels, such as vertical stripes. The value associat-

ed with WEM is selected by calculating the square root of 

the area of the fish in each frame which is empirically cho-

sen to be 21. The maximum value per column   

is computed for EM as follows:  

 

 

 

 

where * represents the convolution operation.  

The maximum value of    namely,  

 

   quantifies the presence of a stripe in the fish region as 

shown in Figure 5. A median filter of size 3×1 is applied 

on to eliminate narrow spikes which are unlikely  

to correspond to the tail band. 

Ocyurus chrysurus Feature Extraction Using Gabor 

Filters 

The OC fish has a different feature specific to its spe-

cies – a straight line across the fish body as depicted in 

Figure 6-A. A similar approach explained for EM is fol-

lowed for OC to extract the horizontal line along the length 

of its body. An OC example is shown in Figure 6-A. Figure 

6-B depicts the corresponding region mask, and Figure 6-C 

shows the isolated fish region. The resultant image is fil-

tered separately with a vertically and a horizontally orient-

ed GF to obtain images Ihor(x,y) and Iver(x,y) as shown in 

Figures 7-A and 7-B, respectively. However, the ratio of 

the images in the OC case is computed as  

 

 

which highlights the horizontal line as shown in Figure 7-

C. In order to eliminate the effect of horizontal stripe-like 

edges in Iver(x,y) associated with the fish outline, a zone of 

pixels around the fish outline is set to zero. This is 

achieved by employing an erosion operation using a square 

structural element of size. 

 

It can be observed in Figure 7-A that the straight line 

is darker than the rest of the OC body. On the other hand, 

detecting the EM tail band is a maximization problem. For 

consistency with the EM technique, detecting the OC 

straight body line is converted to a maximization problem 

by subtracting the value of each pixel in the ratio image    

Ir(x,y) from the maximum intensity of Ir(x,y). 

A horizontal MA filter of size 1 × WOC is applied along 

the rows of Ir(x,y). (The OC straight line runs across the 

fish body and thus strongly depends on the fish size. For 

Figure 3. EM pre-processing steps. A. Original image of EM with indicator for vertical stripe at the end of tale. B. 
Region mask of EM. C. Pre-processed image of EM.  

Figure 4. Filtering results of horizontal and vertical Gabor filters on EM. 
A. Filtering result of horizontal Gabor filter. B. Filtering result of vertical Gabor filter. C. Ratio image. 
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this reason, the value associated with WOC is selected auto-

matically, and is set to be proportional to the square root of 

the fish area. The maximum value for each row is comput-

ed as:  

                                                         (3 ) 

where * represents the convolution operation.  

The maximum value of, namely,  

 

quantifies the presence of the straight line in the fish region 

as shown in Figure 8.  

When a fish is oriented at an angle with respect to x-

axis as shown in Figure 9-E, the straight line may not be 

exactly horizontal and may not be detected by the algo-

rithm. For this reason, the original fish image, OFr(x,y), as 

shown in Figure 9-E, is rotated by different   angles, and 

the largest is considered.  

 

From Figure 9 it is evident that the plot corresponding 

to the maximum  is the one for which the OC 

line is horizontal.  

In this particular example, the image is rotated in steps 

of 100 from -400 to 400 and the largest is  

obtained when the image is rotated at 100 as shown in Fig-

ure 9-F. The fish orientation is not a significant issue for 

 
Figure 5. EM tail band detection – maximum value per column 

Figure 6. OC pre-processing steps. A. Original image of OC with indicator for horizontal line. B. Region mask of 
OC. C. Pre-processed image of OC. 

Figure 7. Filtering results of horizontal and vertical Gabor filters on OC. A. Filtering result of horizontal Gabor filter. 

B. Filtering result of vertical Gabor filter. C. Ratio image. 
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EM, since the tail band is relatively short and wide, as op-

posed to the OC straight line which is relative long and 

narrow. 

The algorithm for detection and classification of OC 

fish species is shown in Figure 10. The algorithm described 

earlier for the classification of EM species is similar to the 

algorithm presented in Figure 10 if the iterative process 

involving the rotation of image and region mask is re-

moved. 

 

 

RESULTS AND DISCUSSION 

In this section, the performance of the algorithm is 

discussed in terms of detection and false alarm rates. The 

algorithm was tested on sequence of 200 images from an 

annual reef fish survey conducted by the SEFSC Pas-

cagoula laboratory. The total number of EM, OC, and non-

EM/non-OC fishes are provided in Table 1. 

The results for EM are summarized in Table 2. An EM 

fish is detected when the             value is found to be 

between two thresholds.  

More specifically,   

 
Figure 8. OC straight line detection – maximum value per row              

Figure 9. OC straight line detection when the fish is oriented at a different angle with re-
spect to x axis. A. -40o. B. -30o. C. -20o. D. -10o. E. 0o (which is also the original view of the 
OC fish). F. 10o. G. 20o. H. 30o. I. 40o.  
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The threshold values were empirically chosen as  

  and     

 

Any region with corresponding  peak outside 

the range specified by the two thresholds is categorized as 

non-EM. Such a region may correspond to a non-EM fish 

or to a non-fish object. The purpose of the lower threshold, 

is to separate regions which contain a significant ver-

tical band from regions that do not include such a band. It 

was observed that in some cases non-fish regions included 

some apparent vertical stripes, which however result in 

exceptionally high  peaks. The higher 

threshold, is used to identify such non-fish regions.   

 

As can be observed from Table 2, the total number of 

EM not detected by the proposed algorithm is 20, which 

corresponds to 29.4% of the EM cases. However, in the 

vast majority of missed cases (16 or 23.5%) the video 

frame itself has no or little information about the tail band. 

Two examples of such missed cases are shown in Figure 

11. Figure 11-A depicts a case where the tail is positioned 

in a way that the band is only slightly visible, and Figure 

11-D shows an example where the fish is facing the cam-

era. Function  is depicted as a red curve, and the 

value shown indicates the maximum peak,  

Even human analysts, who may be capable of recognizing 

the fish as EM, may not be able to distinguish the tail band 

in these two examples.  

On the other hand, the algorithm is capable of detecting 

EM even when fishes merge together. An example is illus-

trated in Figure 11-C, where it is clearly shown that the  

peak is found at the tail band.  

Figure 11-B shows a non-EM fish example, which is 

correctly detected as non-EM, since the fish does not have 

a tail stripe. According to the results presented in Table 2, 

the vast majority of the non-EM cases are correctly detect-

ed as non-EM. Only 3.8% of the non-EM cases are catego-

rized as EM. In particular, 2.1% and 1.7% of the false 

alarm cases correspond to other fish and non-fish regions, 

respectively. 

 

The results for OC are summarized in Table 3. Similar to 

the EM case, an OC fish is detected when the 

value is found to be between two thresholds. In other 

words, . The threshold values 

were empirically chosen as and   

Any region with corresponding  peak outside 

the range specified by the two thresholds is categorized as 

non-OC. Regions with associated  peak below 

the lower threshold, do not include a significant 

Figure 10. Proposed algorithm flowchart. The OC detection algorithm. The EM detection algorithm is similar if the process 
involving the rotation of the image and region mask is eliminated.  
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horizontal line. The higher threshold,  is used for the 

same reason as in the case of EM.   

As can be observed from Table 3, the total number of 

OC not detected by the proposed algorithm is 13, which 

corresponds to 19.7% of the OC cases. As in the case of 

EM, for the majority of missed cases (11 or 16.7%) the 

video frame itself has no or little information about the 

straight line. Two examples where the straight line is not 

clearly visible are presented in Figures 11-E and Figure 11-

G. Figure 11-F shows a non-OC fish example, which is 

correctly detected as non-OC, since the fish does not have 

a horizontal line.  

Function  is depicted as a red curve, and the 

value shown indicates the maximum peak,       

 

The proposed algorithm detected a total of 5 false 

alarms (i.e., non-OC regions detected as OC), which is 

only 2.1% of the non-OC cases. In particular, 1.7% and 

0.4% of the false alarm cases correspond to other fish and 

non-fish regions, respectively. Figure 12 illustrates a few 

examples where non-EM/non-OC species are detected as 

EM or OC. Figure 13 presents a few examples where non-

fish objects are detected as EM or OC. Some examples 

where the proposed algorithm missed detection of EM and 

OC are shown in Figure 14. 

 

 CONCLUSIONS  
The authors presented a technique based on GFs to 

effectively extract species-specific features from EM and 

OC fish species. These features are used for detecting EM 

and OC fish species. The detection rate is 70.6% for EM 

and 80.3% for OC, while 23.5% of the undetected EM cas-

es do not have a visible tail band, and 16.7% of the unde-

tected OC cases do not have a visible straight body line. 

Therefore, missed detection for these cases is expected. 

The false alarm rates are only 3.8% and 2.1%, respectively. 

These results are promising and indicate that these features 

may complement other feature extraction techniques for 

the purpose of fish classification. Additionally, target 

tracking may be used to associate the same fish region in 

different frames, so that the whole fish sequence is classi-

fied as a single species, even if detection is successful in 

only one of the frames. Even if false alarms occur, auto-

matic detection significantly reduces the amount of data to 

be examined by human analysts. 

 

LIST OF ABBREVIATIONS USED 

SEFSC – Southeast Fisheries Science Center 

NOAA – National Oceanic and Atmospheric Administra-

tion.  

EM – Epinephelus morio or red grouper 

OC – Ocyurus chrysurus or yellow tail snapper 

ABC – Allowable Biological Catch 

GF – Gabor Filters 

MA – Moving Average 

Table 1. Information about reef fish images obtained from 
SEFSC Pascagoula laboratory  

Total number of frames used for experimentation 200 

Total number of EM available in total frames 68 

Total number of OC available in total frames 66 

Total number of non-EM and non-OC fish available in 
total frames 

159 

Total number of non-fish objects available in total 
frames 

74 

Table 2. EM results 

  
EM 

Correctly detected 48   
(70.6%) 

 Not 
Detect-

ed 

Technique not successful (missed 
detection) 

4     
(5.9%) 

 Due to non-visible tail band 16   
(23.5%) 

  
Non
-EM 

Other fish detected as EM (false alarm) 5     
(2.1%) 

Other fish correctly not detected as EM 154 
(66.1%) 

Non-fish objects detected as EM (false alarm) 4     
(1.7%) 

Non-fish objects correctly not detected as EM 70   
(30.0%) 

 Table 3. OC results 

OC Correctly detected 53   
(80.3%) 

 Not 
detect-

ed 

Technique not  successful (missed 
detection) 

2     
(3.0%) 

 Due to non-visible horizontal line 11   
(16.7%) 

  
Non
-OC 

Other fish detected as OC (false alarm) 4     
(1.7%) 

Other fish correctly not detected as OC 155 
(66.5%) 

Non-fish objects detected as OC (false 
alarm) 

1     
(0.4%) 

Non-fish objects correctly not detected as 
OC 

73   
(31.3%) 
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Figure 11. Illustration of some EM and OC results  
A. EM tail is positioned in a way that the tail band is only slightly visible. B. As expected, 
the EM fish is detected as non-EM since the tail band is not visible. C. EM tail band is 
detected even though the two fishes merged. D. As anticipated, the EM fish is detected 
as non-EM since the fish is facing the camera and the tail band is not visible. E. The OC 
fish is not detected since the straight line is not clearly visible. F. As anticipated, the OC 
fish is detected as non-OC since the fish does not appear to have a straight line. G. As 
expected, the OC fish is not detected since the straight line is not visible, mainly due to 
the low image resolution.  

Figure 12. Illustration of few cases of false alarms (non-EM detected as EM, or non-OC detected as 
OC). — A. Fish detected as EM although there is no visible tail band information. B. Fish detected 
as EM although there is no visible tail band. C. Fish detected as OC although there is no clear visi-
bility of straight body line. D. Fish detected as OC although there is no clear visibility of straight 
body line. 
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Figure 13. Illustration of few cases of false alarms (non-fish detected as EM or OC) 
A. The algorithm detected non-fish as EM. B. The algorithm detected non-fish as EM. 

Figure 14. Illustration of few cases where EM and OC are 
not detected by the algorithm. 
The technique is unsuccessful in detecting EM although the 
tail band is clearly visible. B. The technique failed in detect-
ing OC although the straight line is clearly visible.   


