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Motivation (1/2) 
 Underwater imaging is a technique of measuring or recording 

dynamic event in seafloor or in the water column, which is 
usually done with specialized equipment or method as below.  
 
 

Diving Towed sledge Remote operated 
vehicle (ROV) 

Shallow water Deep water 
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Motivation (2/2) 
Manual approach Automatic approach 

Weakness: Strength: 

1. Require high trained human 
operator, usually marine biologist; 
 

1. Minimize human intensive 
workload; 

2. Become bottlenecked when 
processing a large pool of data; 
 

2. Time saving; 

3. Counting bias (low-visibility video, 
human fatigue (capability of 
concentration, repeatability)) 

3. Ensure the certainty of the 
results. Front In
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Challenges of the underwater 
video processing 

 Lack of natural illumination in underwater scene. 
 
 
 
 
 

 Dynamic and unstructured observation scene. 
 
 

Deep water images 
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Main idea 

Deep water marine abundance study 

Implement an object detection algorithm for the Norway 
lobster and burrow detection. 

Design a visual tracking scheme to address the 
dynamic observation scene. 

Evaluate and test the performance of the proposed 
framework using deep water video sequences. Front In
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Method (1/11) 
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Pre-processing & region segmentation 

Step 2.2 Morphology 
close operation in CL 
and CB 

Step 2.3 connected 
component analysis for 
contour extraction 

Step 1.1 
underwater video 

acquisition 

Step 1.2 
crop the image 

Step 1.3 convert 
RGB to gray 
scale image 

IB ID 

CL CB 

Pre-processing 

Region segmentation 

Method (2/11) 

Step 1.4 Background subtraction 
 
 
 

where G is Gaussian function 

Step 2.1 Region segmentation 
Lobster 

 
 
 

Burrow 
 
 
 
 
where m(x,y) is the mean of the 
local window W, which is 
calculated using integral image. 
 

Front In
form

 Technol E
lectro

n Eng



Object detection—feature extraction 
F1 curvature (burrow)  
 
 
 
 
 
 
 
 
 
 
 

I.  
Rotate the region and 
make it to be horizontal 

IM 

Method (3/11) 
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Object Detection—feature extraction—cont. 

S 
S 

Method (4/11) 
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Object detection—region classification  

Method (5/11) 
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Object detection—region classification—cont. 

 Training samples are selected from random frames of a train 
video clip, with a set of regions being manually operated. A total 
of 600 samples were considered for the training stage, with 300 
positive and 300 negative examples, respectively.  
 
 
 

 Find the optimal value for C of SVM and WH used for feature F2 
extraction by using a 10-fold cross-validation technique. 
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Visual tracking scheme 
Algorithm: Our overall framework 

Input: Underwater video sequence 

FOR t=0:N frame 

(2.4.2) Object Detection as described in chapter 2. 

(3) Tracking by our proposed tracking scheme in this chapter 

IF t>=1 THEN 

(3.3.2) State Prediction (𝐿𝐿𝐿𝐿𝐿𝐿1:𝑡𝑡
(𝑖𝑖), 𝐵𝐵𝐵𝐵𝐵𝐵1:𝑡𝑡

(𝑗𝑗 )) 

      (3.3.2.1) Lobster tracking state prediction and update(𝐿𝐿𝐿𝐿𝐿𝐿1:𝑡𝑡
(𝑖𝑖)) 

      (3.3.2.2) Burrow tracking state prediction and update (𝐵𝐵𝐵𝐵𝐵𝐵1:𝑡𝑡
(𝑗𝑗 )) 

END IF 

(3.3.3) Data association (𝐿𝐿𝐿𝐿𝐿𝐿1:𝑡𝑡
(𝑖𝑖), 𝐵𝐵𝐵𝐵𝐵𝐵1:𝑡𝑡

(𝑗𝑗 )) 

IF t ==N THEN 

(3.3.4) Quantification strategy (𝐿𝐿𝐿𝐿𝐿𝐿1:𝑡𝑡
(𝑖𝑖), 𝐵𝐵𝐵𝐵𝐵𝐵1:𝑡𝑡

(𝑗𝑗 )) 

END IF 

END FOR 

Output: Video-based count number of lobster and burrow 

**𝐿𝐿𝐿𝐿𝐿𝐿1:𝑡𝑡
(𝑖𝑖) is the lobster tracker at time t; 𝐵𝐵𝐵𝐵𝐵𝐵1:𝑡𝑡

(𝑖𝑖) is the burrow tracker at time t 
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State prediction - Lobster state prediction 

Step 3 
Resample the old particles 

 

Reference 
histogram 
obtained at t-1th 
frame 

histogram of 
particles at tth 
frame 
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State prediction—burrow state prediction 

Divided into N grids with a size of 
15x15. Center pixel of each grid is 
used as flow point. 

Flow 
point 

Iterative Lucas-Kanade 
optical flow technique 

t-1th frame tth frame 
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Data association 

Detect Item A Detect Item 
B …. 

Detect Item 
N 

Tracker 1 …. 
 

Tracker 2 …. 

Tracker 3 … 

…
 

…
 

... ... ... 

Tracker M …. 

Method (10/11) 
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Quantification strategy 
Strategy 1 (lobster and burrow) Strategy 2 (burrow) 

 
 

Method (11/11) 
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Object tracking performance evaluation  
—evaluation metric and results 

Items MOTA ML FM ID 

lobster 681 1.0000 0.00 0.00 0.00 

burrow 7036 0.9902 0.00 0.0098 0.00 
 
* ML: the ratio of the missed track in total frames; FM: the ratio of the tracks 
with false positive in total frames; ID: the ratio of mismatched id in total frames 

Major results (1/3) 
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Precision evaluation for the video-based 
abundance estimation—evaluation metric and 

results 

Major results (2/3) 
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Precision evaluation for the video-based 
abundance estimation—result discussion 

Some of the seabed sediments may confuse the decision making 
of the burrow detector as they seem like having a same 
characteristic of being a burrow but it does not exactly belong to 
the burrow in sense.  
 A lack a more robust feature or imprecision segmentation 
 
 
 
 
Detection failure due to the violation of feature F1 curvature 
 
 

Major results (3/3) 
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Conclusions 

An automated video analysis framework proposed here 

with facilitates the Norway lobster stock assessment by 

automatically detecting and tracking, and finally 

quantifying Norway lobster and its biogenic feature (main 

burrow’s entrance) from the underwater video 

sequences obtained in deep-water crustacean grounds.  Front In
form
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