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ABSTRACT 

 

 

 
Aquaculture farm provides a solution for the overfishing issue. Maintaining big 

scalefarm requires going through hours of video footages for meaningful information, 

ademanding task for human operators affected by biological restrictions. 

Therefore,using image processing techniques, meaningful information can be 

extracted from thevideos automatically, assisting in the fish monitoring processes. 

This paper proposes anon-

invasivemethodofcountingfishesandestimatingtheirsizes.Themethodproposedbythispa

perincludesfourmainparts,tocompensatetheunevenillumination of input image, 

separating objects from background, fish detection, 

andlastly,decisionmaking.Inconsistentlightinginthebackgroundisanissueforcomputervi

sion,therefore,inputframeisneededtogothroughilluminationcompensation. An xy 

Gaussian technique is used to create a mask, which is latersubtracted from the original 

footage.Objects are then being extracted out from thebackground, which is done with 

thresholding, and morphological operations. Externalcontours are then extracted. 

Visual features are used to differentiate non-fish 

objectsandfishes.Fivevisualfeaturesareused,namely:F1)ElongatedStructure,F2)Downw

ard Curve of Fish, F3) Upper Convexity Angle, F4) Downward Curve of Fish,F5) 

Differenced Pixel Value of a fish region with the background. A more 

detailedexplanation would be further elaborated within the report. Later on, decision 

makingmodule proceeds, a counter keeps count of the number of visual features a 

detectedobject match, when it reaches a certain threshold, the object is considered a 

fish and iscounted and sized. This paper also includes discussion and experimental 

validation forthe proposedmethod. 
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CHAPTER1:INTRODUCTION 

 
 Problem Statement 

 

It is undeniable that fishes play an important role in the global food supply. 

Accordingto an article,( Chu, W 2017)a group of international scientists have found 

out theseveral fish species that are at risk due to high demands of marine foods. The 

highpopulation demands for fish proteins have led to an overfishing phenomenon 

which isnot a sustainable way to satisfy consumer demands (Chu, W 2017). For 

example, theAtlantic Bluefin Tuna, which was once a species that can be found in 

abundance, isnowconsidereda speciesthat is atthe risk of extinction (Kale,An.d.). 

Therefore, aquaculture, the practice of fish farming, is a more sustainable 

wayto provide a continuous source of food and nutritional supplies (Rudolph, C 

n.d).Monitoring growth and the condition of fishes in an aquaculture environment is 

quiteimportant since it gives information as to when the fish is ready to be harvested, 

whento transfer the fish to another environment, what grade a batch of fish is 

categorizedinto and also gives fish farmers insight of the health of their fishes. Before 

computervisionwasintroduced,surveillancecamerafootageoftheunderwateraquaculturef

armis analysed using manual labour done by trained technicians; however, thismethod 

can be sometimes rather taxing and prone to human error, such as fatigue andcounting 

bias. Since there are hours of footages that are needed to be analysed toextract 

meaningful information, which is a both physically and mentally 

demandingtask.Therefore, developing an automated underwater imaging system to 

help 

trackfishsizeandconditionisawaytocombatthoseissues.Withminimalhumanintervention, 

machinescan help overcome biologicallimitations faced bypeople. 
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 Background and Motivation 
 

With the global overfishing phenomenon of marine fisheries due to the 

everincreasingconsumerdemandsforfishes,naturaloffshorefishingresourcesareincreasin

gly depleted (Chow, L 2016).It is no longer sustainable to depend solely onnatural 

offshore fishing resources to supply for the demands. Therefore, while greatefforts 

have been made for the development of deep sea fisheries, aquaculture, alsoknown as 

fish farms, is developing rapidly to help satisfy global demands for a 

moresustainablefoodsupply.Fishfarmsinvolveraisingfishinlargequantitiescommercially 

in enclosures, mainly for the purpose of food (ScienceDaily n.d.).Witha large 

amountof fishesto handle, Monitoring growth and the conditionof fishes 

inanaquacultureenvironmentisquiteimportantsinceitgivesinformationastowhenthefishis

readytobeharvestedandwhentotransferthefishtoanotherenvironment.The traditional 

method of fish monitoring makes use of experienceddivers to manually do the 

counting and information collecting. However, obviously,this method are subjected to 

many limitations, among them are the 

indeterminatewaitingtoobtainedtheserviceofatraineddiverduetotheshortageofthem,possi

bility of human error occurring caused by diver fatigue and biological limitations,not 

only that, manual monitoring can be intrusive for the fishes as well. As 

technologyimproves and the cost of equipment being more accessible, underwater 

video imaginghasbecomea popularly adoptedtechnique tomonitorunderwater 

specieswithoutbeingintrusive, thus solvingthe intrusive divers issue. 

Underwater video captured can act as a data source which has the ability 

toprovide information about the condition of the fishes without having to 

physicallydiving inthe fish enclosure. Untilnow, deriving video content was mostly 

donethrough manual observation, which is having a human watching the whole length 

ofthevideoandrecordingdownthefindings(Varah,Sean2012).Obviously,thismethod is 

not as efficient as it could be, since it is still manually done by a humanbeingwho is 

limitedbymanybiological causes. 

 

 

Previous industrial revolutions have freed mankind from relying solely 

onanimal power, and enabled mass production possible. Now, comes forth the 

FourthIndustrialevolution,whoseresultingshiftsandinterferencecanhaveanimpactwhich 
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wouldgivebirthtoadramaticallyimprovedefficiencyoforganizationsandmanagement of 

assets, and the impact of such changes can help with the 

regenerationofthenaturalenvironment(Shwab,K2016),undoingthedetrimentaleffectsofp

revious industrial revolutions, in this case, help restore offshore environment 

whichhavebeen previouslydamagedbyoverfishing. 

Fourth Industrial revolution have pressured a more advanced and 

automatedwayoffishfarmmanagement,inordertopreventbeingobsolete,andalsotooverco

meproblemssuchasthelimitationofmanuallabour,itisaneventualoccurrence that a more 

automated fish monitoring system be pushed forwards. In thiscase, computer vision 

needs to be implemented to extract meaning and data out fromvideo automatically, 

thus replacing the need of human beings to manually observelong and lengthy video 

footages to monitor condition and number of the fishes withinthefish farm enclosure. 

Computer vision is the science that enables machine or computer to see 

visuallythe world around them much like how human utilize their eyes for such 

purpose.Computer vision is relevant with automated extraction, analysis and 

understanding ofrelated information from either video footages, or a single image. 

Theoretical 

andalgorithmbasisdevelopmentareneededtobringaboutautomaticvisualdataextraction 

(BMVA n.d.). In the late 1960s, computer vision started out in universitiesthat were 

developing artificial intelligence. It was meant to simulate the human visualsystem, as 

a starting step to provide robots with intelligent behaviour (Szeliski, R2010). Studies 

in the 1970s formed the early foundations for many of the computervision algorithms 

that exist today, including extraction of edges from images, this isdone by comparing 

pixel by pixel the colour difference to determine whether a certainpointintheimage 

areconsidered edges(Szeliski,R 2010). 

To extract out information from video, systems implementing computer 

visionmethods would have to go through some usually taken steps, which is also 

taken bythisproject. The first step is image acquisition. A videowould have tobe 

brokendown into frames with every single frame being transmitted to a local or 

remote PC,which the sequences of video frame is stored for further analysis (Xiao et 

al. 2011).The second step would be video pre-processing, in which the main goal of 

this step istoreducenoisepresentintheimageastonotintroducefalseinformation.Thenext 
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x 

s 

stepisfeatureextraction,notableimagefeatureareextractedfromtheimage(Davies, 

ER2005).Typicaleamplesofsuchfeaturesarelines,edgesandlocalizedinterest 

points such as blobs(Davies, ER 2005). A simple explanation of a blob can be said 

tobe a group of connected pixels in an image that share common property, such as 

thegray scalevalue.ForFigure1.3below,thedarkspotsare consideredas 

blobs(Mallick,S2015). 

 

 

Figure1.1: Sample ofblobs 
 

Thesecondlaststep  isdetection/segmentation,  wheredecisionsinwhich 

imagepointsoftheimagearerelevantaremadeforfurtherprocessing.Thelaststepwouldbe 

decision making, where final decisions aremade. (Davie, ER 2005) 
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 ProjectObjectives 
 

The purpose of this project is to help fish farmers monitor their fishes 

moreeffectively. As mentioned earlier, employing manual divers to go underwater for 

fishinspection can be taxing and prone to error, therefore, an automated way to do 

thatwithout the need of human labour can greatly ease the process of evaluating the 

fishes.With the automated underwater imaging system, fish farmers just have to 

analyzeautomatically generatedoutputs by the system,and make decisions based on 

theresults. This process is fast and efficient and does not need any one to physically 

gounderwaterto observe the condition of the fishes. 

The project aims to design a prototype system which can receive an 

inputunderwater video footage, process the video footage so it can be understood by 

amachineandextractoutinformationfromthevideofootages.Thefinaldeliverableisa 

prototype system that is able to detect fishes, output the number of fishes in thatframe, 

and also output a roughly estimated area of multiple fishes in that frame. Thissystem 

would be able to help fish farmers monitor the average amount of fishes andtheirsized 

within the sight of the underwater cameras. 

The project will be focusing on image processing techniques, with the help 

oftheOpenCVlibrary.Waystoprocessinputfootagewillbeanalysedandresearchedso that 

the input footage will eventually be able to be interpreted and understood 

bythecomputertogenerate desired output results. 

Hopefullyinthefuture,thesystemwillbefurtherimprovedindifferentaspects. For 

example, the accuracy of the results can be improved, or even adding 

innewfunctionalities. 
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 ProposedApproach 
 

After acquiring the video footage, the first step is for the frame to go 

throughillumination compensation due to the uneven illumination of underwater 

footages; theframes are blurred using a Gaussian kernel to get an estimated 

illumination gradientfor the frame. Next, is to subtract the frame of interest with the 

estimated illuminationgradient, to compensate for the uneven illumination, a range of 

Scalar threshold valueis set where anything falls within the range will be scaled to 

black while anythingoutside the range would corresponds to the background, which 

would be scaled toblack, creating a binary image. Noisy pixels and jagged edge 

removal is then doneusing morphological operations. Next, edge information is 

extracted to form contours,using a method proposed by (Suzuki and Abe, 1985), 

which connects a series of edgepixels to form a contour. Thus, outer contours are 

extracted. A few visual features areused to determine whether the detected contours 

can be considered a fish. A counter isusedtokeep track ofhowmany 

featurestheforegroundobjectmatches,when itpasses a certain threshold, the foreground 

object can be considered a fish and isincludedin the counting and sizing. 

 ReportOrganization 
 

The following report will discuss further about the proposed approach 

forautomatedfishcountingandsizingofunderwaterfootages.Thefollowingchapterwill 

discuss about existing work and also a review of computer vision techniques usedin 

this proposed method. After the literature review chapters, would be the 

systemdesignchapter,whichwouldgiveanoverviewworkingofthesystem.Amoredetailed 

explanation of how each part of the system design works would be 

elaboratedinafewchapterafterthesystemreviewchapter,includingthesystem‟soutputeval

uation. Finally, the last chapter would be to conclude the whole report, noting 

theachievements of the system and also personal insight to the total research 

experience,not to mention further developments and improvements that can be made 

for thesystem. 
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CHAPTER 2: LITERATURE REVIEW 

 
There are some studiesthat have been made inthis field, (Toh et al, 2009)have 

proposed a method to detect and count the fishes by initially obtaining blobs 

byusingbackgroundsubtraction,thengothroughnoiseandbackgroundobjectelimination 

and then counting the leftover blobs. Another method by (Fabic et al,2013), is to 

detect fishes by using The Canny Edge Detector to detect fish contours,later filling up 

that contours to form blobs to allow blob counting. (Tan et al, 

2014)proposedsometechniquestodetectmarinespeciesonunderwaterimages.Theydiffere

ntiated lobsters and burrows by using visual features such as pixel intensity,structure 

and shape of contours extracted from the frames. There are also a few 

imageprocessing techniques that are helpful in developing the proposed approach. 

Otsu‟smethod (Otsu, 1979) creates a histogram of an image to find the optimum 

thresholdvalue to convert an image into a binary image while preserving details of 

foregroundobjects.ContourdetectionalgorithmproposedbySuzukiandAbe(1985)usesco

nnected sequence of edge pixels to create contours. Efford, (2000) have explainedthe 

usage of a simple method called morphological closing while Poynton & 

Charles,(1998)explained grayscalingwithcolorimetricconversion. 
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 AutomatedFish CountingusingImageProcessing 
 

Intermsofwhichwaysofimplementingfishcountingsystemisbest,automated fish 

counting method proves to be a much superior alternative compared tothe traditional 

way of manual fish counting. It is much more efficient, accurate andconsistence since 

it is not bound by the limitations of the human body and 

mind.Manualfishcountingwithhumanoperatorsareoftentimeconsuming,labour-

intensive and prone to errors, human operators are susceptible to fatigue and 

otheremotionalfactors,whereas,automatedsystemsarenotaffectedbythosethings.Therefo

re, the following method is proposed by Toh et al, (2009), describes 

howautomatedfish counting withunderwaterimaging is done. 

ComputerVision is one ofthe good approachesto automated fishcounting. 

 
First of all, blobs need to be obtained. Frames from an underwater video 

areextracted and contrast is enhanced. Then the image undergo background 

subtraction,with a technique to acquire the background called background estimation, 

which closethe frame morphologically with appropriate structuring element, leaving 

behind theestimatedbackground. 

After subtracting the background, the results go through a luminance 

thresholdto be transformed into a pure black and white image. Pixels with luminance 

greaterthan a certain threshold are substituted with white pixels while the rest are 

substitutedwithblack pixels,resultingin apure black and white image. 

For now, not all black pixels are considered a fish since there will be 

somenoise. Therefore, the image must now go through noise and background 

elimination,by using an area threshold which is adjusted according to the expected 

sizes of thefish, anything below that threshold are considered noise and would be 

eliminated.Since there is a possibility that fishes intersect each other resulting in a 

bigger area, 

athresholdoffiveintersectingfishesareused,anythingbiggerthanthatareaareconsideredba

ckground object and thus eliminated. 
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A B 

C D 

E F 

Figure2.1showsthetransformationfromarawextractedframetotheresultingimage

afterallthepre-processingtheextractedframe has gonethrough. 

 

 

 
 

 

 

 

 

 
 

 

Figure 2.1Image Preprocessing 

results(Tohet al, 2009) 
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Image „A‟ is the gray scaled image from the raw extracted frame; 

colourinformation is not needed due to the fish having higher intensity value 

compared to itssurrounding. Image „B‟ is after the image has gone through contrast 

enhancement.Image „C‟ shows the estimated background.Image „D‟ shows what the 

resultingimage is like after subtracting the background.Image „E‟ is a result after „D‟ 

passesthrough a luminance threshold. And lastly, Image „F‟ is what is obtained after 

noisesare eliminated. Note that in Image „F‟ lower right is part of the container that 

have 

notbeeneliminatedduetoimperfectbackgroundsubtraction,thus,furthermanualadjustmen

ts aremade to correct it. 

Now what‟s left of theblobs corresponds toonly fishes. A standard area offish 

is estimated by using all of the blob‟s median area. Blob area which is lower 

than140% median area is categorized as one fish. The reason to choose this 

percentage 

issotofitinfishesthatareslightlylarger,yetsmallenoughtohaveonlylittlepossibility 

tobeintersecting fishes.Whereasremaining blobsareassumedtobeintersecting fishes, 

thus the areas of these remaining blobs are divided by the blobmedianarea toget 

numberof fishes ineach blob. 

This method yields accurate results, although it has certain imperfections 

suchas imperfect background subtraction that still has to be corrected manually. 

Also,background must be of good contrast relative to the fishes or else threshold-ing 

withluminance values would not work as smoothly. Moreover, background must also 

haverelatively even illumination or else there would be some error when the frame 

passestheluminancethreshold.Otherthanthosementionedshortcoming,thisproposedmeth

odgenerates accurateresults withan error percentageofnot more than 6%. 
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 FishPopulationEstimationandSpeciesClassificationfromUnderwaterVideoSequenc

esusing Blob Countingand ShapeAnalysis 

 

Fishpopulationestimationhasalwaysbeenanintegralpartforfishconservations. 

Steps can be taken to protect species which are facing endangerment 

orextinctionbyassessingfishabundance,distributionanddiversityinmarineenvironment 

(Fabic et al, 2013). This helps balance certain ecosystem and maintainnature‟s 

balance. Therefore fish population estimation is an important matter 

thatneedstobeaddressed. 

There have been many proposals that were made for assessing fish 

abundance,distribution and diversity in a more automated ways, this includes 

remotely operatedvehicles, sonar containing towed equipment, resistivity counters and 

infrared beams(Fabic et al, 2013). However, live video imaging is considered 

advantageous due to itsnon-intrusive nature duringdata collection. 

Lately, unattended video capture with embedded video cameras has been 

doneby underwater observatories in mid-water and benthic habitats (Fabic et al, 

2013).However, analyzing the collected video data manually is time consuming and 

tedious,thus if done by a human operator, concentration tends to dwindle and it is very 

proneto human error. Therefore, it is necessary to find an automated way to analyze 

the rawvideodataandextractoutmeaningfulinformationneededforusagebyrelatedparties. 

Fish movement, inconsistent illumination, camera motion etc proves to 

bechallenges in designing a fish population estimating system. Luckily, advancement 

intechnologyhasmade it possibletoovercome all these issues. 

The method proposed here to detect fishes is an efficient way to undergo 

thefish count estimation process: Frames are extracted out from the Underwater 

VideoSequence (UWVS), goes through contour detection and later blob detection to 

detectwhere the fishes are (Fabic et al, 2013). For contour detection, The Canny 

EdgeDetector is implemented in each frame to detect fish contours.Later on, the 

spacedbetweenthecontours arefilledup toform blobs whichenables blob counting. 
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AccordingtoMoeslund,(2009),theProcessofCannyedgedetectionalgorithmcanbe 

brokendown to 5different steps: 

 

1. Apply Gaussian filter to smooth the image in order to remove the noise, 

sinceimage noise can highly affect edge detection results. The point of 

Gaussian istoconvolve withtheimage,which results in 

asomewhatsmootherimage. 

 

ForGaussianfilterkernelsize(2k+1)*(2k+1), the equationis: 
 

 

 
An example of a 5x5 Gaussian filter (purpose is to generate the 

adjacentimage): 

*=convolutionoperation 
 

 
 

 
Choosing Gaussian kernel size will affect detector performance, with a 

largersize lowering down detector‟s noise sensitivity. Larger Gaussian filter 

kernelsizewould also increaseslightlyits localization error. 
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2. Findthe intensitygradientsofthe image. 

 
There are varying directions of which an edge of an image can be pointed 

to,therefore four filters are used by the Canny algorithm to detect 

horizontal,verticaland two diagonaledges within a blurredimage. 

 

Edgedetectionoperatorreturnsvalue forfirst derivativein: 

 
=horizontal direction = vertical 

directionWithitedge gradientanddirection 

maybederivedwith: 

(G is computed with hypot function, while atan2 is arctangent function 

withtwoarguments) 

 

Angle of the edge direction is rounded off to either vertical (0°), 

horizontal(45°), and two diagonals (90°, 135°). For each colour region the 

edge directionfalls,    the    edge    direction    will     be    set    to    fixed    

angle    values.Forexample:  

 

3. Applynon-maximumsuppressiontogetridofspuriousresponsetoedgedetection. 

 

The edge extracted from gradient value by using gradient calculation is 

stillratherblurred,thereforenon-

maximumsuppressionisneededforedge“thinning”, which helps suppress 

gradient values (setting them to zero) 

whicharenotthelocalmaxima,thisshowslocationswithsharpestchangeofintensity 

values.Every pixel of thegradientimage has thealgorithm whichcan be split 

into two parts. (1) Edge strength of current pixel and pixel of thepositive and 

negative edge direction iscompared. (2)If edge strengthofcurrent pixel is 

largest comparative to pixels in mask of same direction, valueismaintained, 

else, valueis suppressed. 
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4. Applydouble thresholdto determine potential edges 

 
Afternon-maximumsuppression,therearestillspuriousresponses,thereforeit is 

important for pixels with weak gradient values to be filtered out and 

highgradientvaluepixelsbemaintained.Highandlowthresholdvaluesareselected 

to do this. For the value of edge pixel gradient higher than 

highthresholdvalue,itislabelledasstrongedgepixel.Elseifvalueofedgepixel‟s 

gradient is bigger than low threshold value, yet smaller than 

highthresholdvalue, it islabelled asweak edgepixel. Else, itwillbesuppressed. 

 

5. Track edge by hysteresis: Finalize the detection of edges by suppressing all 

theotheredges thatareweak and not connected to strongedges. 
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Figure2.2showsarawunderwatervideo,whileFigure2.3showsanunderwatervideo 

afterCannyEdgedetection has been applied. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure2.2 

Raw Underwater 

Video(Fabic etal, 2013) 

 

 

 

 

 

 

 

 

 

 

 
Figure2.3Underw

ater Videowith 

Cannydetection 

applied(Fabic etal, 

2013) 
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Next step after contours are detected is to fill them up to create blobs. 

Blobdetector isbased on the Laplacian of Gaussian (LoG), which can be described 

withthe followingequation: 

 

,whichconvolvestheimagewithaGaussiankernel,whichcanbedescribedwiththe 
 

 

followingequation: 

 
Then, a Scale-normalized Laplacian operator is used to obtain multi-scale 

blobdetector with automation scale selection. Results are later utilized to detect scale-

spacemaxima orminima (Fabicet al, 2013). 

 

However,therearestillasmallamountofinaccuraciesnotmorethan7overcountpres

ent. The testresultsare shown inFigure2.4. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.4 Machine and 

HumanFishCounts 
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 Colorimetric(perceptualluminance-preserving)conversionto grayscale 

 

Grayscaling is used extensively in image processing since colour 

informationisn‟tuseful fordetecting important edgesorotherfeatures, with exceptions 

ofcourse. 

 

According to Poynton and Charles (1998), colorimetry is common strategy 

tocalculategrayscale valuestohaveidenticalluminanceas thesourcecolour image. 

 

According to Lindbloom(n.d), converting a colour from a colorspace 

usinggammacompressed,whichisconsiderednon-linear,RGBcolourmodeltoitsgrayscale 

representation of its luminance, the RGB colourspace needs to be 

madelinearbyremovinggammacompressionfunctionusinggammaexpansion(linearizatio

n), which can bedefinedbythe equation below: 

 

Csrgb= (Rsrgb, Gsrgb, and Bsrgb, each in range [0,1]) 

Clinear= (Rlinear, Glinear, and Blinear, each in range [0,1]) 
 

 
Itspurposeistobeabletoapplysuitableweightedsumtothelinearcolour 

components, , so that linear luminance Ylinear can be 

calculated,according        to        Stokes(n.d),        the        equation        is        as        

below. 

Green has greatest coefficient value due to human vision being mostsensitive 

togreen,whilebluehastheleastvaluetohumanvisionbeingleastsensitivetoblue. 

Then,values replaces sothatlinearRGB are 

encoded in grayscale intensity. Then it needs to be gamma-compressed 

backtogetbacktoitsnon-linearrepresentation(Burger&Burge,2010).Gamma- 

compressed     is     an     inverse     of     gamma     expansion     with      equation: 
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 MorphologicalClsing 

 

Efford,(2000)explained the basicsof morphologyoperations. 

 

Basicallyatemplatewhichisknownasastructuringelement,ispositionedatevery 

pixelofanimageanditisthencomparedtoallitspossibleneighoringpixels.Some 

of the comparison “fits” with its neighboring pixels while some “hits”, also known 

asintersect. Figure 2.6 below shows an example of what is considered fits can what 

isconsideredhit. 

 

 

Figure2.5:Fittingandhittingofabinaryimagewithstructuringelementss1 

and s2. 
 

Erosioncanhavetheist

heoriginalbinary 

=1,meansthat“s”fits“f”,ifnot,itis0,thisisrepeatedforcoordinate. 

 

 

 
everysinglepixel 

 

Dilationontheother handhasanequationof: .For example,g(x,y)=1 

meansthat“s”hits “”f, elseif it doesn‟thit it‟llreturn a resultof 0. 

 

With thatin mind, morphological closinghasan equation of: 
 

 

A=binary 

imageB=structuringel

ement 

=dilation  

=erosion 

 

 

Morphclose isusefulfor fillingupholes tocombine neighbouringregionfragments. 

quationof: .Withgdenotinganewbinaryimage,“f” 

image,and“s”isthestructuringelement. orexample,g(x,y) 
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 TopologicalStructuralAnalysisofDigitizedBinaryImagesbyBorderFollowing 

 

SuzukiandAbe,(1985),haveproposedanalgorithmwhichwouldbeusedextensively now 

in the image processing field especially in contour extraction. Theybasically use 

connected sequence of edge pixels to create contours, the algorithm isexplained 

below. 

 

When the raster scan on the input binary image reaches the 1-pixel(which is circled 

inFigure 2.7 (a) below, it will check if it satisfies the condition to be the starting point 

ofanouterborder,ifitis,afollowingnumber2isassignedtotheborder,sincenumber1 have 

been set aside to frame the picture. Then, it will start with the border 

following,changing border pixel value to 2 or -2 as shown in Figure 2.7 (b), when the 

entireborder has been followed, raster scan continues. Circled pixel Figure 2.8(b) is 

wherethe next border following starts, and it satisfies condition shown in Figure 2.6 

(b).Having a negative value means that the point cannot be the starting point for 

borderfollowing. The parent border for the number 3 border is an outer border of the 

number2 border. When border following occurs, due to policy Figure 2.6 (b), it is 

shown thattwo pixel of value 1 have been changed to 3, which the other visited pixels 

stayed thesame.These stepswill go on andon until thefinal results are obtained. 

 

Thisalgorithmisusefulforfeatureextraction ofdigitalpictures. 
 

 
 

Figure 2.6 Conditions of border following, (a) for an outer border, (b) for a 

holeborder 
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Figure2.7Illustrationexplainingborderfollowingprocess 
 

 

 

 
 

Figure2.8DecisionRulefortheParentBorderofNewlyFoundBorderB 
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 Otsu‟s Method 
 

Otsu‟s method is used for performing clustering-based image

 thresholdingautomatically.Otsu‟salgorithmbasicallystartswithcomputinghistog

ramandprobabilitiesofeveryintensitylevel.FollowedbysettingupinitialprobabilitiesꙌi(0)

andclassmeansµi(0),gothroughallpossiblethresholds,updateꙌiand  µi,computeσ
2

b(t), 

and the final desiredthreshold is themaxσ
2
b(t). 

WeightsꙌ0andꙌ1arethetwoclass‟sprobablitieswhichisseperatedbythresholdt,andσ
2

0an

d σ
2

1aretheirvariances. 

 

 
Intra-classvarianceandinter-

classvarianceminimizationisthesameasshownintheequationbelow. 

 

 
Otsu‟smethodlimitationlieswhenobjectareaiscomparativelysmallcomparedtothebackgr

oundarea, or when the image hasa lot ofnoise in it. 
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CHAPTER 3: SYSTEMDESIGN 

 SoftwareandInputData 
 

The system is developed using Visual Studio 2015 with the C++ language. 

OpenCVlibrariesarealsousefulinprovidingageneralinfrastructureforsystemsusingcomp

utervisionandimageprocessingtechniques,thus,enhancingdevelopmentprocedures. 

The input data used to test out and develop the system are sample videos 

ofschool of underwater fishes by Shutterstock. This is used because they provide 

aplethora of different underwater fishes footages of varying environments which 

isuseful for analysis and performance testing of the proposed algorithm. The 

propertiesof the input data is in .MP4 file format, resolution of 596 X 336, frame rates 

rangingfrom24 to 50 frames per seconds. 

 SystemOverview 
 

 
 

Input Video 
 

 
IlluminationCompensation 

 

Compute Gaussian 

MaskSubtractionofMask 

SeparatingObjectsfromBackground 
 

ThresholdingMorpholo

gicalClosing 

Edge-basedcontourextraction 

 

 

 

 
 

DecisionMaking 
 

-Counting 
 

-Sizing 
 

-Classification 

 

 
Output 

 

FishDetection 
 

Filterout“too-tiny” contour 

 

 
VisualFeature Matching 

 

F1:Elongated 

structureF2:DonwardCurveof 

FishF3:Downward Convexity 

AngleF4:UpperCurve 

ofFishF5:DifferencedPixelValu

e 

 

Figure3.1 SystemOverview ofFishMonitoringSystem 
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 IlluminationCompensation 
 

For the very initial step, Shutterstock sample video is being fed into the system, 

thesystem then processes the video using a frame-by-frame basis. Due to the fact 

thatunderwaterfootagesusuallyhavetheissueofunevenlightningillumination,illuminatio

n compensation is needed as to not interfere with future processes, sincecomputer 

vision is unlike human vision, which can interpret objects with ease despitebeing 

under very complex environment, the results produced using computer vision 

issensitive to noise thus not addressing the uneven lighting issue would result in a 

verypoor outcome. 

Using a Gaussian Kernel, Gaussian blur of the x and y axis is done for the input 

frameto create a Gaussian mask, this is to predict the background illumination by 

blurringout the objects and retaining the estimated background to determine the 

illuminationconcentration. The original input image is then subtracted from the mask 

pixel bypixel. 

 SeparatingObjects fromBackground 
 

Now that we have an evened out illumination, a threshold of a certain Scalar value 

isapplied to change the image into a binary image,(further explanation on why and 

howit is done is provided in the following chapters) with black pixels signifying 

objectsand the whites the background. Morphological operations are applied to 

smoothen outthe edges of the objects.Last stepfor this part isto use an edge-based 

contourextraction algorithm to extract out contours from the smoothed binary image, 

thecontourfeatures areneededtodifferentiatebetween fish andnon-fishentities. 

 FishDetection 
 

This step is to determine whether the detected object can be considered a fish. For 

thevery first step in this part is to filter out contours that are way too tiny to be a fish, 

forcontours with area under a certain threshold, they are immediately eliminated. 

What‟sleft are contours with reasonable areas. Contour features are analysed to see if 

theparticular contour matches the four visual features which corresponds to a fish, 

thefeatures are: downward convexity angle, elongated structure, upper curve of fish, 

andlastlydownwardcurveoffish.Visualfeaturesthatarenotrelatedtothecontouristhe 
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differencedpixelvaluefortheregionofinterestandthemeanbackgroundpixelvalues. 

 Decision Making 
 

This is the part where the system establishes if the object have matched a 

sufficientamount of visualfeatures to be classifiedasa fish. A counter have beenmade, 

foreach detected object, when a visual feature matches, the counter will be 

incrementedby one, once all features have been tested, for all object with counter 

value more thanthree, it passes and is classified as a fish, the object will also be 

included in thecountingand sizingprocess. 

 EvaluationMethod 
 

Different footages would be tested out on the system, stopping at a few 

randomframes. Human manual counting of the randomly selected frames would be 

done andcomparedto the systemcount. False negative and false positiveare recorded 

downand theaccuracypercentage is calculated. 

Thefollowingchapterswoulddescribeindetailforeachpartsofthesystem,includingpre-

developmentanalysis, furtherexplanations and each part‟s output. 
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CHAPTER4:ILLUMINATIONCOMPENSATION 

 

 

Figure4.1Input frame 

 
Ascanbeseeninfigure4.1,theunderwaterschooloffishes‟environment‟sillumination is 

not perfect. There is more illumination at the upper middle part of theframe, in which 

it gets darker and darker in a gradient way as it traverse to the bottomof the frame. 

Computer vision is very prone to be interfered with inconsistent lighting;therefore this 

issue has to be corrected, or else there would be a lot of noise 

presentwhichwouldhinderfuture processes. 

Gaussian blur method is used to create a Gaussian mask, in which its 

purposeis to define the gradient of illumination by blurring out the objects and 

retaining thebackground of uneven lighting. The reason Gaussian blurring is used is 

due to the factthat the results yield from it is far better in blurring out the scene 

evenly, unlike othertechniques such as Median blur, which results in unsatisfactory 

blurring where theobjectsarestillhighly visible,hence notbeingabletodescribe 

theilluminationgradient properly. After repeated testing on multiple footage and 

multiple frames, it isfound that the Gaussian filter kernel which consists of 0.4 of 

input image size is 

bestusedtocreatealargeconvolutionmask.Anythinglargerwouldresultintheillumination 

description being blurred out as well, which would create a mask with noillumination 

gradient. While anything smaller would result in the object interfering indefining the 

illumination gradient of the mask. As can be seen in Figure 4.2, the 

maskcorrespondstotheestimatedbackgroundillumination,withtheobjectsblurredout,the 

illumination gradient can be seen with the middle upper part being lighter and 

itgetsdarkeras it traversesdowntothebottom partoftheimage. 
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This resulting mask is assigned to a Mat variable object and is later 

subtractedby the original input frame. The subtraction process is to subtract the values 

pixel bypixel, this can result in an evened illumination subtracted image. This works 

because,the Gaussian mask has the illumination gradient, in which the “lighter” part 

of animage have a certain pixel values that matches with the “lighter” part of the 

inputimage. When they are subtracted, they subtract each other out completely, and 

wouldresult in a black pixel, if not completely, it is close to complete, which would 

result ina coloured but dark pixel. The objects are spared since they have been blurred 

out andtherefore arenotaffected. 

Theresultfromthisprocessisanimagewithevenedillumination.Thesubtractedimag

eisthenassignedtoanotherMatobjectforfurtherprocessing.Figure 

4.3 shows the subtracted image, as can be seen there, the background no longer has 

agradient illumination, and the pixels that have been subtracted completely results in 

ablack background, or even the near complete ones results in a slightly coloured 

butstilldark pixel, while theobjects are clear. 

 

Figure4.2 Gaussian Mask 

 

Figure4.3 SubtractedImage 
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CHAPTER5:SEPARATINGOBJECTSFROM BACKGROUND 

 
AnalysingtheSubtractedImage,itcanbeseenthatthebackgroundhadbeenconverted to 

pure black, even if it is not pure black; it is a dark colour close to black.In this case, 

the image still have a reddish black around the objects, this is caused byblurring out 

the object in the Gaussian Blurring process to create the Gaussian Mask,and therefore 

when the original input frame is subtracted from the mask, the pixelssurrounding the 

objects are not completely subtracted with each other, causing a non-pure black pixel, 

this gives the illusion that the colour of the objects “smeared” into 

itsimmediatesurroundingcausingtheimperfectblackbackground.Inordertodifferentiateb

etweentheforegroundobjectsandthebackgroundcompletely,thresholdingprocessneeds 

to beapplied. 

The threshold value used in the system has a range of Scalar value of 

pureblack, which is in BGR value (0,0,0), to dark colours. Therefore, any pixel values 

thatfallbetweenthatrangewouldbeconvertedtoawhitepixel,BGR(255,255,255),while the 

rest would be converted to a pure black pixel. What‟s left is a clear 

anddirectrepresentationofthebackgroundandforegroundobjects.ThisresultcanbeseeninF

igure5.1. 

Observing the threshold-ed image, the “blobs” representing the 

foregroundobjects are jagged and the edges are not defined enough, not to mention the 

noisyunreliable pixels that surround the object. This would cause some issue for the 

futureprocesses such as contour extraction. Therefore, a method needs to be applied to 

jointhe jagged lines together to make it appear smoothened out; at the same time 

eliminateless reliable pixels. In this case, morphological closing is applied; the 

workings ofmorphological closing have been explained in the Literature Review in 

the previouschapter. The result after morphological closings are applied can be seen in 

Figure 5.2,theedgesaresmoothenedoutandlessreliablepixelscannolongerbeseen. 
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What‟s left for this part is to define the contours of each object. The 

reasoncontours are extracted out is because the most obvious features that can be used 

forcomputer vision are the features of the contours. Contour features provide 

meaningfulinformation such as theheightand widthof thecontours, thecurvesof the 

contourandmanymore.Thisfeatureinformationisusedtodetermineanddifferentiatewheth

er the detected objectcanbe consideredafish or not. 

 

Anedgebasedcontourextractionalgorithmisappliedtodefineeachobject‟scontour.

Theworkingsoftheedgebasedcontourextractionalgorithmhavebeen 

explainedintheLiteratureReviewchapters.Thesystemusescontourso

nly.The results can be seen in Figure5.3. 

themostexternal 
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Figure5.3 ExtractedContours 
 

 

 

 

Each complete closed contour‟s pixel position is stored in an array. By the 

endof the contour extraction process, there would be an array of contours that can 

belooped across storing the pixels‟ xy-coordinates that makes up the particular 

contour.Ascan be seen, somecontours do not belongto fishes. 

 

For human vision, we can easily know which contour signifies a fish; 

howevercomputer vision cannot do that. Therefore, further visual features needs to be 

analysedto determinewhether the contours detected belongs to a fish. 
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CHAPTER6FISHDETECTION 
 

Analysing the contours, there are a few visual features that corresponds 

withthe fishes. What the system would be using are namely: F1) Elongated Structure, 

F2)DownwardCurveofFish,F3)DownwardConvexityAngle,F4) Upper CurveofFish, 

F5)DifferencedPixelValue.Whatthesystem,inshort,doesatthispartisloop 

through the array of contours, each contour would then go through each visual 

featureone by one, each visual feature would produce a certain result from the contour, 

if thecontour results falls between a specified range for a particular feature, the contour 

issaid to have matched that specified visual feature, it will then be awarded with a 

score.Oncethecontourhavegonethroughallthevisualfeatures,ifthecontour‟saccumulated 

score is more thana certain threshold, that contoured corresponds to afishand is 

included inthe later countingand sizingprocess. 

 

Beforeall the process describedabove is implemented, the contours need togo 

through a very simple elimination round. For contour areas that are too little, 

theyareeliminatedand wouldnot go through the visual featurematching process. 

 

 ElongatedStructure 
 

 

 

 

 

 

Figure6.1ElongatedStructureofFish 
 

As seen in Figure 6.1, a fish contour has an elongated structure, with the x-axis 

beingmore than 2 times shorter than the y-axis. This is because a whole fish consists 

of itshead, its body and its tail, all arranged in a horizontal manner, giving it its 

elongatedstructure. This holds true to most type of fishes found in nature, where the 

whole fishwould represent an elongated structure, where some are more elongated 

than the rest.A bounding box is drawn around each contour, then, the length shorter 

side of thebounding box is compared with the length of the longer side of the 

bounding box, ifthe longer side‟s length is more than twice the length of the shorter 

side, the contour issaid to havean elongatedstructure,and thecontour matchedthis 

visual feature. 
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 DownwardCurveofFish 
 

Figure6.2showshowwecandeterminewhetheralineisindeedacurveorastraightline. 

 

Figure 6.2 CurveDetection 
 

If the length of line connecting the x axis and the plotted points is different 

forline A,B,C,D and E, we can know that the line in which the points are plotted on is 

acurved line. The system will adopt this method to determine if the contour is indeed 

acurveasfound infishes,or not. 

 

Basically, a few points would be assigned. The middle point of the both 

theshorter side of the bounding box is assigned as Equator point East and West. Then, 

anEquator Line is drawn to connect these two points. The Equator line is a line 

whichcuts the fishhorizontallyin half, adjusted to the fish‟sslightrotation. 

 

Then,5points intheEquatorlineisassigned,thefirst oneinthemiddle, 

second one in between the middle and Equator point East, third one being in 

themiddle of second point and Equator point East, while the rest is a repetition of 

theaboveon the West side. 

 

For each of these 5 points, each point coordinates forming the contours 

islooped to find and assigned a point on the contour which forms a 90 degree 

anglepoints in the equator line. Then, a line is drawn connecting the Equator line point 

andits correspondingcontourpoint. 
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Iscoordinatepoint on 

contour form 

90degree angle with 

thepointonEquator 

line? 

No 

Moveto next pointon 

contour 

Yes 

Moveto 

next 

Equatorpoin

t 

Savetheparticularpoint 

on thecontour 
Are there any moreofthe five 

points in the Equator line 

thatneeds to form 90 degree 

anglewithpointsoncontour? 
Yes 

No 

Continue traversinguntilasecondcontour 

pointwhichforms90degreeangleisfound,co

mpare with the first contour point, if 

thefirst point has a bigger y-value, then 

theassignedcontour pointwillbe thesecond 

contourpoints,orelsenothingchanges. 

Ifstandard deviation>=2&& 

standard deviation<=50, it is 

amatch. 
 

Else, itisnotamatch. 

A lineis drawnconnectingthe contourand the 

Equatorpoint 

Theangle is calculatedwith theformula below. 

 

With vector „a‟ being the point on the Equator line and vector „b‟ being the points 

inthe contour. 

Then, the standard deviation of the length of the line is calculated. If the 

standarddeviation is more than 2 points and not more than 50 points(because that 

would beimpossible for the degree of curve of the fish), it is said that the contour 

matches thisvisualfeature. 

Anoverviewofhow this workis shown inFigure6.3. 
 
 

 

Figure6.3OverviewofCurveDetectionalgorithm 
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Figure6.4showsthepointsdrawnandalsothelinesdrawnonthecontours.Redlineis 

theEquator line. Bluelineand redlinesform 90degreeangles. 

 

Figure6.4OutputresultsshowcasingDownwardCurve ofFish 

 

 

 DownwardConvexityAngle 
 

A fish has a belly of certain volume which is downward convex in shape. 

Therefore,this visual feature can be implemented on the contour. However, it is noted 

that thedownside of using this method is evident while detecting fishes with highly 

thinproportions, such as the Barracuda; however, most fishes found in nature do have 

anobvious and detectabledownward curvature shaperepresentingtheir belly. 

Using points already established in the previous visual feature, the points 

areassigned as shown in Figure 6.5 below. The angle formed between the red lines 

arecomputed, after analysing what the usual angle is for a fish, it is decided that the 

anglelying in the range between 90 and 165 is suitable to be a visual match. Because, 

anangle larger than that value would mean that the volume that corresponds to the 

bellyof the fish is little to non-existence, while anything smaller would form an acute 

angle,which is not possibletobelongto afish. 
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Figure 6.5 Downward Convexity Angle 

output6.4UpperCurve of Fish 

ReusingthemethodsinChapter6.2,withtheonlydifferenceisthatthepointsassigned on the 

contour now gives priority to the points which has a smaller y-value,so that the points 

assigned all belong to the upper side of the fish. The output can beseeninFigure6.6. 

 

Figure6.6 Outputresults showcasingUpward CurveofFish 
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6.5DifferencedPixelValue 

 

Figure6.7HistogramsofInputFrame andCroppedoutFish 
 

 

 

 

 

 

AnalysingFigure6.7,thehistogramsshowsthattheROIcontainingafish‟scolourinformatio

nisverydifferentcomparedwiththeinputimage.Theinputimagehasa 

largeamountofgreenpixelswhiletheoppositeistrueforthecroppedoutROI. 

Therefore,thisvisualfeatureisusedtodeterminewhethertheROIcontainingthe 

contour, correspondstothefish bycomparingtheirsummed upandmeanpixelvalues. 

Thedifferencedmeanpixelvalueiscalculated.Anoptimumthresholdvalueis 

heuristicallytestedwithmultipledifferenttypesoffootage.Ifthedifferencedpixelvalueismor

e thanthespecifiedthreshold,thecontourmatchedwiththe visualfeature. 
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CHAPTER7DECISIONMAKING 

 
As mentioned earlier, there is an array of contour which is looped, and with each 

loopeachcontourwouldpassthroughfivevisualfeaturesforfeaturematching.Eachvisual 

matching algorithm would produce a result describing the contours; the resultsare then 

compared with a set threshold value to determine if the contour falls withintherange 

ofthethresholdvalue tobe considered amatch withthevisualfeature. 

For the decision making part of the system, a counter is initialized for 

everycontour iteration, with an initial value of zero. Every time a contour matches a 

visualfeature, the counter is incremented by one. After the contour have finished 

goingthrough each visual feature, the accumulated counter value would be evaluated. 

Forcontour with counter value more than 3, which means the contour have matched 

morethan half of the visual feature representing a fish, the contour is considered as a 

fish,anditwouldbeincludedinthecountingandsizingprocess,else,thecontourwouldbeigno

red. 

For the counting process, another counter is initialized with value zero, 

foreach contour that passes the evaluation, the counter responsible for counting the 

fishesis incremented by one, and this would be repeated until the very last contour in 

thearray have been iterated. For the contours that have passed the evaluation, they 

wouldbe sized by counting the pixels that exists within the enclosed area of the 

contour. Theresults including the size and the number of fish of a frame is displayed 

every 10frames ofthevideo. 

Figure7.1showcasestheoutputresult. 
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Figure7.1 Outputresults 
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CHAPTER8 RESULTSEVALUATION 
 

Somefootageofunderwaterfishesindifferentenvironmentaretested.Sampleframesareran

domlychosenfortestingandevaluation.TheoutputresultsareshowinFigure 

8.1toFigure8.9. 

 

Figure8.1 SampleOutput 1 

 

Figure8.2 SampleOutput 2 

 

Figure8.3 SampleOutput 3 
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Figure8.4 SampleOutput 4 
 

 

 

 

Figure8.5 SampleOutput 5 
 

 

 

 

Figure8.6 SampleOutput 6 
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Figure8.7 SampleOutput 7 

 

 

Figure8.8 SampleOutput 8 
 

 

 

 

Figure8.9 SampleOutput 9 
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Belowfigureshowstheevaluationonthesampleoutputandaccuracypercentage 

have beencalculated. Manual human counting of thefisheshave beendone and the 

results are compared with the system count. False negative, which arefishes that are 

not detected, and false positive, which are falsely detected regions, 

aremanuallycountedas well. 

 

 

 
 

Figure Human

Count 

(HC) 

System

Count 

(SC) 

FalseNe

gative 

(FN) 

FalsePo

sitive 

(FP) 

Accuracy

((HC-FN- 

FP)/HC)×100% 

8.1 10 10 1 1 80 

8.2 11 13 2 1 72 

8.3 8 10 0 2 75 

8.4 14 13 0 1 92 

8.5 11 9 0 2 81 

8.6 10 10 3 3 70 

8.7 15 13 3 1 70 

8.8 16 14 3 1 30 

8.9 17 16 2 3 71 

     Average:71.22% 

 

Figure8.10 Evaluation Results 

 
Theaverageaccuracypercentageforthetestedfootageofthesystemis71.22%.There 

arestill someinaccuracies. 

Onetypeoferrorisfailuretodistinguishmultiplefisheswhentheyareintersecting 

each, the system would count the two or more overlapping fish as one bigfish. This 

problem stems from the contour drawing part, since the contours are basedon an edge-

based drawing algorithm, when the fishes are intersecting, the contourwould only 

draw the outermost edges and ignore the intersecting points, forming onebig contour. 

Since the rest of the visual feature matching is reliant on the contours,error occurs. 

This can be seen in Figure 8.11. Similar issue can be seen in Figure 8.2,SampleOutput 

2, fishes on the top left corner. 
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Figure8.11IntersectingFishes 

 

There are also some obvious inaccuracies in the estimation of contour area, 

ascan be seen in the Figure 8.12, the fishes which are close to the sides of the 

frame,have unrealistic sizes. For example, it is obvious that the fish circled in green is 

largerthan the fish detected circled in red, however the contour output states that the 

fishcircled in green has a smaller area than the red one, the same thing applies to the 

fishcircled in white, it is obviously bigger than the fish circled in red, however the 

outputdoes not states so. One explanation is because the contours formed at very sides 

of theframe are not completely closed contours, as can be seen in Figure 8.11, unlike 

theothercontours,theyarenotclosedandwerecutoffbytheframes,makingtheman 

incompletecontourwithundefinedclosedarea,thatiswhythereareerrorsin 

estimatingthesizeofthecontours. 

 

Figure8.12ContourAreaInaccuracies 
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Another error can be seen in Sample Output 2, Figure 8.2, where there is 

atinierboundingboxwithinabiggerboundingbox.Thisiscausedbyimperfectmorphologica

l operations where the tiny bits of noise were not merged or eliminatedproperly, 

resulting in the contour edge detection algorithm to detect the noise, and 

bycoincidence the contour visual features matched at least three out of five of the 

visualfeature proposed,therefore the systemfalsely consideredittobea 

fish.Thesameissue can be observed in Figure 8.9, Sample Output9, and Figure 8.8, 

Sample Output8. 

In Figure 8.6, Sample Output 6, there are some fishes that are falsely 

notdetected. Further observation, despite that the contours described them correctly, it 

isrealised they did not pass at least three of the visual features proposed, 

specifically,elongatedstructure,upwardcurvatureanddownwardcurvature.Thesamething

canbeobservedfromSampleOutput4toSampleOutput9,wherethecontoursrepresenting 

the specific fishes failed to match at least three out of five visual features,or they have 

been eliminated immediately for not having enough size to even gothroughthe visual 

featurematchingmechanism. 

The last type of error that would be discussed is false positive, where 

thesystem detected a fish where there is none. False positive error occurs mainly due 

toimperfectandincorrecteliminationofnoisesduringthethresholdingprocesstoconvert the 

mask subtracted image into binary image. As can be seen in Figure 8.13,there is an 

imperfect separation of background (white pixels) and foreground 

objects(blackpixels),whicharethefishes.Theseimperfectseparationscanbefoundrelativel

y close to the side of the frame. With this, as can be seen in Figure 8.14, thecontour 

extraction algorithm would draw out these falsely detected foreground 

objects(blackpixels),whichwouldthengothroughthefeaturematchingmechanism.Usuall

y, these noises which appear at the sides of the frame would not match three outof five 

visual feature proposed, however, there are some instances where these noiseswould 

get through the feature matching process, leading the system to output 

falseresults.Such issues can be seenrepeatedlyfromSampleOutput 7 to Sample Output 

9. 
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Figure 8.13 ImperfectSeparationofBackground and Fishes 

 

Figure8.14 ContourFalselyDrawn 

 

 

From the analysis made regarding errors that the system made, it is found 

outthat there are a lot of instances where contours which does not corresponds to 

fishesstill were falsely labelled as a fish due to coincidentally matching three out of 

fivevisual features. Therefore, more visual features that can only be found in fishes 

can bemadetoeliminate thecontours which donot correspond to fishes. 

 

Fortheissuewherethesystemfailstodifferentiateintersectingfishes,a 

tracking algorithm can be implemented to solve such an issue. This is because 

thetracking algorithm is able to track individual fish and therefore even if part of the 

fishisbeingblockedbyanotherfish,thetrackingalgorithmwouldknowwherethefishes 
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are and will count those fishes as individual fishes instead of labelling them as one 

bigfish. 

Itcan beseenthat a lot of errorsmadeby thesystem usually occurveryclosely to 

the side of the frames. Such as the false positive error due to the noises inFigure 8.13, 

and also the inaccurate size estimation of fishes due to incompletelyclosed 

contoursdue tothe limitof the framesize. One way toreduce all theseinaccuracies is to 

only regard the fishes in the middle part of the frame, how large 

thepartoftheframewouldhavetobemanually determined.However,thismethodwould 

require sacrificing some information due to the need to reduce observation 

sizebyonlyregardingwhateverisin the smallercroppedoutframe. 
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CHAPTER9CONCLUSION 

 
It is no longer sustainable to depend on natural offshore fishing resources to 

supplyfor the globally increasing demands for fishes. Therefore, fish farms, is a 

sustainablesolution for this predicament. With a large amount of fishes to handle 

within a fishfarm, Monitoring growth and the condition of fishes in an aquaculture 

environment isquite important since it gives information as to when the fish is ready 

to be harvestedand when to transfer the fish to another environment.The traditional 

method ofmanual fish monitoring is very inefficient, therefore a proposed system is 

made toincrease fishfarm‟sefficiencythatwould have beneficial effectsforthewhole 

world. 

Thisprojecthaveproposedamethodtomonitorfishesunderwaterundervarying 

environments especially environment where illumination is non-even acrossthe frame. 

The system detects the fishes, monitors the number of fishes and theestimate each 

counted fish‟s size, all automatically. With this, fish farms would onlyneedto 

analyzeoutputgenerated bythe system togain needed information. 

Theinspirationforthe techniquesusedtodevelopthis systemhavebeenfounded 

while reviewing other‟s work on similar fields, and have extracteddesirabletechniques 

of many different sources, combining at the same time modifying it tocreatethis 

system. 

Someachievementshavebeenmadedevelopingthisfishmonitoringsystem.A 

method for evening out the inconsistent lighting found in underwater footages so 

astonotinterferewithfurtherprocesseshavebeenimplemented.Waystodetectdifferent 

visual features within an image have been achieved by mainly using featuresthat can 

be found in contours of object, while another visual feature is by using 

colourinformation. 

Some issues have been encountered while developing the system, one of 

themajor one isthe portability of the system. This means that developing the 

systemusing only one sample footage may accidentally over-cater to only that 

particularfootage, which would cause the system to produce poor results when using 

footage 

ofslightlydifferentenvironment.Therefore,multipletestfootagesofvaryingenvironment 

is needed for the pre-developmental analysis for every part of the systemtoprevent 
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such issue. 
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There are some improvements that can be made for future work, such 

asimprovingtherobustnessandaccuracyofthesystem,whichcanbedonebyimplementing 

more visual feature orrefining the existing visualfeatures.Nottomention correctingthe 

intersectingfishes issue. 

The overall research experience has been really informative and eye 

widening.Therearesomanydifferentingenioustechniquesandalgorithmsfoundwhilerevie

wingotherpeople‟s work.It has beena positivelearningexperience. 
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Appendix:ProjectCode 

 
#include 
"opencv2/imgproc/imgproc.hpp"#include 
"opencv2/highgui/highgui.hpp"#include"
opencv2/videoio.hpp"#include 
"opencv2/imgcodecs.hpp"#include 
<opencv2/video.hpp> 
#include 
<iostream>#include 
<sstream>using 
namespace std;using 
namespace cv;int 
keyboard; 
int fishycounter = 0,framecounter = 0; 
float calculateSD(float data[]); //calculate 
standarddeviation 
VideoCapture 
capture("fishybusiness2trim.mp4");VideoWritervid
eo("fishybusinessoutput.avi", -
1,capture.get(CV_CAP_PROP_FPS),Size(capture.get(
CAP_PROP_FRAME_WIDTH),capture.get(CAP_PROP_FRAME
_HEIGHT))); 
int uneven = 0; 
Mat src; Mat dst;Mat morph; Mat diff, diff2; int rows = 
0;int cols = 0; RNG rng(12345); 
int main(int argc,char** argv) 
{ 
if (!capture.isOpened()){ 
//error in openingthe video input 
cerr<< "Unable to open video file: " 
<<endl;exit(EXIT_FAILURE); 
} 

 
while ((char)keyboard != 'q'&& (char)keyboard != 27){ 
//read the current 
frameif(!capture.read(src
)){ 
cerr<< "Unable to read next frame." 
<<endl;cerr<< "Exiting..." 
<<endl;exit(EXIT_FAILURE); 
} 

 
dst = src.clone();//calculate 0.4 of the total frame 
sizerows = src.rows*0.4; 
cols = src.cols*0.4; 

 
uneven = cols % 
2;if (uneven == 
0){cols = cols + 
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1; 
} 
uneven = rows % 2; 
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if (uneven == 
0){rows = rows + 
1; 

 
} 

 
GaussianBlur(src, dst, Size(cols,rows), 0, 0); 

 
diff = dst - src;//subtract image with 
maskdiff2 = src - dst; 

 
inRange(diff, Scalar(0, 0,0), Scalar(0, 19, 146), diff); 

 
Mat element = getStructuringElement(2, Size(2 * 2+ 1, 2 * 2 + 
1), Point(2, 2)); 
Mat element2 = getStructuringElement(2, Size(3 *2 + 3, 2 * 2 
+ 1), Point(3, 3)); 
/// Apply the specified morphology 
operationmorphologyEx(diff, morph, 3, 
element);morphologyEx(morph, morph,3, 
element);morphologyEx(morph, morph,3, 
element); 

 
blur(morph, morph, 
Size(3,3));Mat 
canny_output;vector<vector<Point
>> contours;vector<Vec4i> 
hierarchy; 
Canny(morph, canny_output,100, 100 * 2, 
3);findContours(canny_output,contours, 
hierarchy,CV_RETR_EXTERNAL,CV_CHAIN_APPROX_NONE,Point(0,0)); 
Mat drawing = Mat::zeros(canny_output.size(), 
CV_8UC3);int **score = new int*[contours.size()]; 
for (int i = 0; i<contours.size(); 
++i){score[i] = new int[1]; 
score[i][0] = 0; 
} 
Mat hsv; 
cvtColor(src, hsv,COLOR_BGR2HSV); 
for (int i = 0;i<contours.size(); i++) 
{ 

 
 

Point2f points[4]; 
Scalarcolor=Scalar(rng.uniform(0,255),rng.uniform(0,255),rng.uniform(0, 
255)); 
drawContours(drawing, contours, i, color, 1, 8, hierarchy, 
0,Point()); 
RotatedRectrotate_rect; 
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rotate_rect = 
minAreaRect(contours[i]);rotate_rect.po
ints(points); 
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//TO DETECTELONGATED STRUCTURE------------------------------- 
 

-- 
if (rotate_rect.size.height * 2 <= rotate_rect.size.width 
|rotate_rect.size.width * 2<= rotate_rect.size.height){ 
//if it is an elongated structure, this will add 1 point 
tothe contour score 
score[i][0] = score[i][0] +1; 

 
vector< vector< Point>> 
polylines;polylines.resize(1); 
for (int j = 0; j < 4; 
++j)polylines[0].push_back(points[
j]); 
cv::polylines(drawing, polylines, true, Scalar(0,255, 0), 1); 

 
} 

 
//TO DETECT CURVE 1  

 

 

Point ePnt[5]; 
Point equator1, 
equator2;Point cdPnt[5]; 
double distance1 = norm(points[0] - 
points[1]);double distance2 = norm(points[1] - 
points[2]);if (distance1<distance2){ 
equator1 = (points[0] + points[1]) / 
2;equator2=(points[3]+points[2])/2; 
} 

 
else if(distance1>distance2){ 
equator1 = (points[0] + points[3]) / 
2;equator2=(points[1]+points[2])/2; 

 
} 
line(drawing, equator1, equator2, 255, 1, 8, 
0);ePnt[2] = (equator1 + equator2) / 2; 
ePnt[1] = (equator1 + ePnt[2]) / 
2;ePnt[0] = (ePnt[1] + equator1) / 
2;ePnt[3] = (ePnt[2] + equator2) / 
2;ePnt[4]=(ePnt[3]+equator2)/2; 

 
for (int j = 0; j < 5; 
j++){int counterx = 0; 
for (int k = 0; k < contours[i].size(); 

k++){Point coordinates = contours[i][k]; 
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float P12 = sqrt(pow(ePnt[j].x - equator1.x, 2) 
+pow(ePnt[j].y - equator1.y,2)); 
float P13 = sqrt(pow(ePnt[j].x - coordinates.x, 2) 
+pow(ePnt[j].y - coordinates.y, 2)); 
float P23 = sqrt(pow(coordinates.x - equator1.x, 2) 
+pow(coordinates.y - equator1.y, 2)); 
float result = acos((pow(P12, 2) +pow(P13, 2) - pow(P23, 2)) 
/ (2 * P12*P13))*(180/ (atan(1) * 4)); 
if (result == 90 &&counterx ==0 || (result >= 89 && result 
<= 91) &&counterx == 0 || (result >= 84 && result <= 95) 
&&counterx == 0){ 
cdPnt[j] = 
coordinates;counterx = 
1; 
} 
if ((result >= 84 && result <= 95) &&counterx != 0 
&&coordinates.y>cdPnt[j].y){ 
cdPnt[j] = coordinates; 
} 
} 

 
 
 

} 
 

float data[5]; 
 

for(inti=0;i<5;i++){data[i]=norm(eP
nt[i]-cdPnt[i]); 

 
} 
//cout<<"StandardDeviaation:"<<calculateSD(data)<<endl;if 

(calculateSD(data) >= 2&&calculateSD(data) <= 50){ 

for (int j = 0;j < 5; j++){ 
 

line(drawing, ePnt[j], cdPnt[j], 255,1, 8, 0); 
} 
score[i][0] = score[i][0] +1; 
} 

 
//TO DETECT ANGLE  

 

 

 

float P12 = sqrt(pow(cdPnt[2].x - equator2.x, 2) 
+pow(cdPnt[2].y - equator2.y, 2)); 
float P13 = sqrt(pow(cdPnt[2].x - equator1.x, 2) 
+pow(cdPnt[2].y - equator1.y, 2)); 
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float P23 = sqrt(pow(equator1.x - equator2.x, 2) 
+pow(equator1.y - equator2.y, 2)); 

 
 

float result = acos((pow(P12, 2) +pow(P13, 2) - pow(P23, 2)) 
/ (2 * P12*P13))*(180/ (atan(1) * 4)); 

 
//since if it is a straightline, the angle would be closer to 
180 degrees, for it to not be a straight line, and for it 
tobe a curve, 
//the angle would have to be less than 180, therefore, to 
makesure it does not appear tobe a straight line 
//anything less than 170 is considered a straight line and 
isomitted, 
//OR 
//for the fish body, it hasa shape where there is 
somecontent in the middle, and also a downwards curve 
thereforethe angle should not be less than 170 degrees 
if (result <= 165 && result >= 
90){score[i][0] = score[i][0] +1; 

 
 

line(drawing, equator1, equator2, 255,1, 8, 0); 
line(drawing, equator1, cdPnt[2], Scalar(0,0, 255), 1, 8,0); 
line(drawing, equator2, cdPnt[2], Scalar(0,0, 255), 1, 8,0); 
} 

 
 
 

//TO DETECT CURVE 2  
 

 

Point cuPnt[5]; 
for (int j = 0; j < 5; 
j++){int counterx = 0; 
for (int k = 0;k < contours[i].size(); k++){ 

 
Point coordinates= contours[i][k]; 
float P12 = sqrt(pow(ePnt[j].x - equator1.x, 2) 
+pow(ePnt[j].y - equator1.y,2)); 
float P13 = sqrt(pow(ePnt[j].x - coordinates.x, 2) 
+pow(ePnt[j].y - coordinates.y, 2)); 
float P23 = sqrt(pow(coordinates.x - equator1.x, 2) 
+pow(coordinates.y - equator1.y, 2)); 
float result = acos((pow(P12, 2) +pow(P13, 2) - pow(P23, 2)) 
/ (2 * P12*P13))*(180/ (atan(1) * 4)); 
if (result == 90 &&counterx ==0 || (result >= 89 && result 
<= 91) &&counterx == 0 || (result >= 84 && result <= 95) 
&&counterx == 0){ 
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cuPnt[j] = coordinates; 
//cout<< "Contour" <<i<< ", line number " << j <<" :" 
<<coordinates.x<< " " <<coordinates.y<<endl; 
counterx = 1; 
} 
if ((result >= 84 && result <= 95) &&counterx != 0 
&&coordinates.y<cuPnt[j].y){ 
cuPnt[j] = coordinates; 
} 
} 

 
} 

 
for(inti=0;i<5;i++){data[i]=norm(eP
nt[i]-cuPnt[i]); 

 
} 
//cout<<"StandardDeviaation:"<<calculateSD(data)<<endl;if 

(calculateSD(data) >= 2&&calculateSD(data) <= 50){ 

for (int j = 0;j < 5; j++){ 
 

line(drawing, ePnt[j], cuPnt[j], 255,1, 8, 0); 
} 
score[i][0] = score[i][0] +1; 
} 

 
//AVERAGE DIFFERENCED PIXELINTENSITY------------------------- 

 

 

 

//matriceswe'lluseMatM,r
otated,cropped; 
// get angle and size from the bounding 
boxfloat angle = rotate_rect.angle; 
Size rect_size = 
rotate_rect.size;if 
(rotate_rect.angle< -45.){angle += 
90.0; 
swap(rect_size.width,rect_size.height); 
} 

 
// get the rotation matrix 
M = getRotationMatrix2D(rotate_rect.center,angle, 1.0); 
// perform theaffine transformation 
warpAffine(hsv, rotated, M,src.size(), INTER_CUBIC); 
// crop the resulting image 
getRectSubPix(rotated,rect_size,rotate_rect.center,cropped);Scalar m 
= mean(cropped); 
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Scalar s = mean(hsv); 
 

float croppedmean = (m[0] + m[1] + m[2]) / 
3;float srcmean = (s[0] + s[1] +s[2]) / 3; 
float differenced =abs(croppedmean - srcmean); 

 

if (differenced >= 

20){score[i][0]=score[i][0]+1; 
} 
//SIZE  

 

 

if ((rotate_rect.size.height*rotate_rect.size.width) > 200 
&&(rotate_rect.size.height*rotate_rect.size.width) <20000){ 

 
score[i][0] = score[i][0] +1; 
} 
//OUTPUT RESULTS  

 

 

 

//cout<< "Contour" <<i<<" :" << score[i][0] <<endl; 
 

if (score[i][0] >= 4){ 
vector< vector< Point>> 
polylines;polylines.resize(1); 
for (int j = 0; j < 4; 
++j)polylines[0].push_back(points[
j]); 
cv::polylines(drawing, polylines, true,Scalar(255, 255, 255), 
1); 
cv::polylines(src, polylines, true, Scalar(255,255, 255), 1); 

 
fishycounter = fishycounter + 
1;if (framecounter % 5 == 0){ 
cout<< "Fish " <<fishycounter<< "Length &Width :" 
<<rotate_rect.size.height<< ", " 
<<rotate_rect.size.width<<endl; 
} 
} 

 
} 

 
if (framecounter % 5 == 0){ 
cout<< "Number of fish: "<<fishycounter<<endl; 
} 
fishycounter = 0; 



 

imshow("original", src); 
//video.write(src); 
framecounter = framecounter+ 1; 
//imwrite("output.jpg",src); 

 
keyboard = waitKey(30); 
} 
video.release();ca
pture.release(); 
} 
float calculateSD(floatdata[]) 
{ 
float sum = 0.0, mean, standardDeviation = 

0.0;int i; 

for (i = 0; i< 5; ++i) 
{ 
sum += data[i]; 
} 

 
mean = sum / 5; 

 
for (i = 0; i< 5; ++i){ 
standardDeviation += pow(data[i]- mean, 2); 
} 

 
return sqrt(standardDeviation/ 5); 
} 

 


