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Abstract: Video segmentation is crucial in a variety of practical applications especially in computer 

visions. Most of recent works in video segmentation are focusing on Deep learning based video 

segmentation, there are rooms for improvement in respect of the evolutionary algorithms. This pa-

per aims to propose the novel method to video segmentation by using the optimization of segmen-

tation parameters based on ensemble-based random forest and gradient boosting decision tree. The 

experimental results show Pareto front of segmentation parameters (hue, brightness, luminance, 

and saturation). Our optimization model yields accuracy: 85% +/-8.85 % (micro average: 85.00 %), 

average class precision: 84.88%, and average class recall: 85%. We also show the video segmentation 

results based on our optimization method and compare our results with Kinect-based video seg-

mentation. 
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1. Introduction 

Single-objective Optimization (SOO) is a technique used to search for an optimal so-

lution in a single objective problem, which is the best solution for a specific criterion called 

the Global Optimum [1], [2], [3], [4]. One of the best examples of SOO problem is the cost 

optimization for production planning and control problem [5], [6], [7]. In general, we can 

say that most of the real-world problem is a multiple objective problem. Multi-objective 

Optimization (MOO) or Pareto Optimality is a technique used to solve a conflict of each 

objective and finds the optimal solution among each candidate [8], [9], [10], [11], [12], [13], 

[14]. Specifically, Pareto Optimality is a group of the best solution of each problem which 

no one solution is allowed to dominate; this is so called Pareto Front [15], [16], [17], [18], 

[19]. In this decade, many evolutionary algorithms have been proposed to appoint to 

MOO researches such as Vector Evolution Genetic Algorithm (VEGA) [20], [21], [22]; Non-

dominated Sorting Genetic Algorithm (NSGA) [23], [24], [25], [26]; Niched Pareto Genetic 

Algorithm (NPGA) [27], [28], [29]; Pareto Archived Evolution Strategy (PAES) [30], [31], 

[32], [33]; Strength Pareto Evolutionary Algorithm (SPEA) [34], [35], [36], [37]; and Particle 

Swarm Optimizer (PSO) [38], [39], [40], [41], [42], [43].  

Video segmentation, or the partitioning of video frames into multiple segments or 

objects, have been highlighted in a variety of practical applications especially in computer 

visions e.g., a special effect in movies, an autonomous driving system, and a virtual back-

ground for online video conference. Recently, most of sophisticated techniques are based 

on unsupervised video object segmentation [44], [45], [46], [47], [48]; semi-supervised 

video object segmentation [49], [50], [51], [52]; video segmentation by using Spatio-
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temporal graph [45], [53], [54], [55], [56], [57]; and convolutional neural networks-based 

video segmentation [57], [58], [59], [60], [61]. Basically, computer visions consist of two 

major tasks – segmenting and tracking video objects in a scene. The object segmentation 

task is coping with how to separate a foreground object and background region by divid-

ing the pixels in the video frames. Whereas, the object tracking task concerns the exact 

location of the target object in a video frame and creates the bounding box to cover entirely 

of the target object. These two crucial tasks are related to each other since the reliability of 

the object tracking will be provided by the accuracy of the object segmentation results. 

Moreover, the precise location of the target object or the accurate object tracking results 

will be used as the guideline for improving the segmentation algorithm, which will be 

helpful to locate the exact position of the object and used to resolve object blurring accord-

ing to the fast movement or identify the object in a complex background. As mentioned 

earlier, video segmentation methods can be divided into four major categories: 

1) Unsupervised video object segmentation: In an early stage of video segmentation, 

there were some limitations according to hardware and video segmentation algorithms. 

The process to segment the target object from a background was simply called a back-

ground subtraction since we did not have the sophisticated video segmentation algo-

rithms to specific motion background. The background subtraction method retrieves each 

pixel in a background and computes the difference of pixels between a foreground, while 

manipulating rapidly changing of these pixels simultaneously. A moving object is repre-

sented by any change in the target object and background image. The corresponding of 

pixels according to the changes will be marked to form the connected region by using a 

connected component algorithm. This process will be repeated throughout the entirely of 

input frames to accomplish the background subtraction. Figure 1 shows unsupervised 

video object segmentation method. 

 

Figure 1. Unsupervised video object segmentation (image source: DAVIS-2016 video object segmen-

tation dataset). 

2) Semi-supervised video object segmentation: In this method, some preprocesses are 

required by human to configure a system or prepare an input before the segmentation 

process (see Figure 2). The preprocesses may include: 

- Configuration of kernel function or window for fine tuning the accuracy of masking 

which will be used to segment the target object from background region e.g., Sobel and 

gradient operations for enhancing the boundary of the object. 

- Configuration of parameters for using in the segmentation process such as the num-

ber of desired frames to extract the sequence of images from video. 

- The optional operations such as the use of manual/automatic labeling for semantic 

segmentation in PixelLib for Python, the use of optical flows and semantic trajectories, 

and the use of Bayesian adaptive superpixel and clustering. 
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Figure 2. Semi-supervised video object segmentation (image source: developer.nvidia.com). 

3) Video segmentation by using Spatio-temporal graph: Spatio-temporal graph is the 

use of static structure (graph) and time-varying features (temporal) to represent the infor-

mation of object in segmentation process e.g., the appearance of the target object, the ob-

ject boundary, optical flows, trajectories, and superpixels. Therefore, Spatio-temporal 

graph can be integrated into unsupervised video object segmentation, semi-supervised 

video object segmentation, and convolutional neural networks-based video segmentation 

to enhance the accuracy and reliability of the segmentation results. Figure 3 shows Spatio-

temporal graph based segmentation. 

 

Figure 3. Video segmentation by using Spatio-temporal graph [54]. 

4) Convolutional neural networks-based video segmentation: Deep learning based 

video segmentation method is a powerful tool for video object segmentation. This method 

can be divided into two sub-categories: motion-based and detection-based for time-vary-

ing motion information. In motion-based approaches, the temporal coherence of object 

motion is used to formulate a spatiotemporal mask propagation and it will be used to 

filter pixels of each video frame. The temporal features are also used to train the deep 

learning model to perform spatial (pixel) detection and segmentation of the target object 

in each video frame. The reliability of segmentation depends on the deep learning model 

which will be fine-tuned some parameters upon the training model. Figure 4 shows the 

convolutional neural network-based video segmentation. 
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Figure 4. Convolutional neural networks-based video segmentation (image source: https://vi-

talflux.com/cnn-basic-architecture-for-classification-segmentation/). 

Although many video segmentation approaches have been proposed over the last 

two decades, and the trend of the future researches in this field is towards developing the 

deep learning based video segmentation system, therefore there are rooms for improve-

ment in respect of the evolutionary algorithms. In this paper, we aim to present the novel 

approach to video segmentation by using the optimization of segmentation parameters 

based on Grid-based ensemble method [62]. Our approach is the combination of random 

forest and gradient boosting decision tree [63], [64], [65], [66], [67], [68], [69], [70]. The 

system framework of our approach will be explained in section 2. In section 3, the results 

of our method will be compared to the video segmentation by using the Kinect, the Pareto 

front of our optimization model will be shown in this section. We later discuss our exper-

imental results and draw our conclusions in section 4. 

2. Materials and Methods 

We take the benefits of random forest and gradient boosting decision tree for our 

proposed method. Although both of random forest and gradient boosting decision tree 

are the ensemble method but they still have something different. In contrast, random for-

est uses many instances in classifier to build the model and predict the results at the same 

time by using the law of large numbers; therefore, this method will give more accurate 

prediction results compared with the model which generated from only one classifier. 

Whereas, the gradient boosting decision tree uses the collection of classifiers (a drawback 

of the previous classifier will be corrected before linking to a chain to form the collection 

of classifiers); the training will be done throughout all classifiers and the collection of clas-

sifiers will be used for the prediction later on. Our system framework is shown in Figure 

5. 

 

Figure 5. The system framework of the proposed method. 
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2.1. Video Sequencing: 

A series of video sequence is extracted into 371 individual RGB images (Figure 6). 

The video represents the different posture of the gradual motion object.  

 

Figure 6. The input video sequence. 

The video frames are extracted as follow 

1) The Kinect camera is used to process the video object segmentation based on the 

depth information (the Kinect video frames will be used for the benchmarking).  

2) The video frames are manually labeled (Semi-supervised video object segmenta-

tion).  

2.2. Labeling: 

The process of identifying and marking four locations according to the distance from 

the background in an image. In this experiment, we used 220 positions in 371 sequence 

images randomly as the experimental data. The closest distance from the target object to 

the camera is hand followed by subject body, floor, and the background region is the far-

thest.   

2.3. Optimization model:  

As explained earlier, the fitness of the model will be improved by the correction of 

the drawbacks of the previous classifiers connected in a chain of the ensemble tree. We 

also applied Grid-based ensemble method [70] to adjust some parameters for improving 

the fitness function in each iteration of the optimization process. The main contributions 

of the optimization model can be summarized as follows 

1) A concept of grid dominance is introduced to compare individuals in both of the 

mating and environmental selection processes. We use grid as a structure to determine 

the location of individuals in the objective space, then the method will advise for the 

adaptability with the evolutionary population. In order to reach the optimum solution, 

we use gird dominance and grid difference in the grid structure to generate the optimiza-

tion model [70]. Gird dominance can be defined in equation 1: 

Definition (Grid Dominance): Let x, y ∈ P, x ≺grid y: ⇔  

∀i ∈ (1, 2, ..., M) : Gi(x) ≤ Gi(y) ∧                                     (1) 

∃j ∈ (1, 2, ..., M) : Gj(x) < Gj(y)   

where x ≺grid y denotes that x grid-dominates y, M is the number of objectives, and the grid 

environment is constructed by the population P.  

To compute the difference of each grid, Grid difference is defined in equation 2: 

Definition (Grid Difference): Let x, y ∈ P, the grid difference is denoted as  

��(�, �) = ∑ |�� (�) − �� (�)|   �
���                                   (2) 

The grid difference is influenced by the number of divisions div, ranging from 0 to 

M(div − 1). The larger the div, the smaller the size of a cell and the higher the grid difference 
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value between individuals. The original Grid-based ensemble algorithm [70] is shown be-

low 

 Require: P (population), N (population size) 

 1:  P Initialize (P) 

 2:  while termination criterion not fulfilled do 

 3: Grid_setting(P) 

 4:  Fitness_assignment(P) 

 5:  P’ Mating_selection(P) 

 6:  P” Variation(P’) 

 7:  P Environmental_selection(PUP”) 

 8: end while 

 9. return P 

 

2) An elaborated density estimator of an individual in the population is designed, 

which takes into account not only the number of its neighbors but also the distance differ-

ence between itself and these neighbors.  

3) An improved fitness adjustment technique is developed to avoid partial over-

crowding as well as used to guide the search toward different directions in the archive 

set. 

3. Results 

In this section, we will show the experimental results in each iteration, the accuracy 

of our optimization model, the performance vectors, Pareto front of segmentation param-

eters, and comparisons of segmentation results between our method and Kinect-based 

segmentation method. Table 1 shows the optimization parameters according to each iter-

ation. Optimization operation includes 3 sub-models and 3 iterations, runs on 220 cycles, 

and 2 yielded the highest accuracy. The highest accuracy is 85% +/-8.85 % (micro average: 

85.00 %).  

Table 1. Optimization parameters. 

Iteration Subprocess Accuracy 

1 1 0.845 

2 2 0.850 

3 3 0.814 

 

Table 2 shows all performance vectors of our experiment, we labeled the video 

frames into 4 regions: hand, subject body, floor, and background for segmentation pro-

cess. The results show that the average class precision is 84.88%, and average class recall 

is 85%. 

Table 2. Performance Vectors. 

 True 

Background 

True 

Hand 

True 

Body 

True 

Floor 

Class 

Precision 

Pred.Background 51 0 2 2 92.73 % 

Pred.Hand 0 51 10 0 83.61 % 

Pred.Body 0 4 37 5 80.43 % 

Pred.Floor 4 0 6 48 82.76 % 

Class recall 92.73 % 92.73 % 67.27 % 87.27 %  
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Figure 7 shows Pareto front of segmentation parameters (hue, brightness, luminance, 

and saturation). The model segments the target object from the background region sepa-

rately, The results are summarized below 

1. The calculation of the background: 51 times correct and 4 times incorrect. Class 

precision is 92.73% 

2. The calculation of the hand: 51 times correct and 10 times incorrect. Class precision 

is 83.61% 

3. The calculation of the body: 37 times correct and 9 times incorrect. Class precision 

is 80.43% 

4. The calculation of the background: 51 times correct and 4 times incorrect. 

5. The calculation of the floor: 48 times correct and 10 times incorrect. Class precision 

is 82.76% 

   
                  (a) Hue                                    (b) Brightness 

 

  
              (c) Luminance                                (d) Saturation 

Figure 7. Pareto front of video segmentation parameters. 

We also show the video segmentation results based on our optimization model and 

compare our results with Kinect-based video segmentation (see Figure 8-9). The total 

frames extracted from Kinect-based video segmentation are 354 frames, and total frames 

extracted from our method are 371 frames. We selected 4 frames for comparison (no. 155, 

no. 175, no. 202, and the last frame of each method).  
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               Frame #155                              Frame #175 

 

    
                                                     Frame #202                              Frame #354           

Figure 8. Kinect-based segmentation method. 

  
              Frame #155                               Frame #175 

 

  
              Frame #202                               Frame #371 

Figure 9. Segmentation results based on the optimization method. 

4. Conclusions 

This paper presents the novel approach of video segmentation based on the optimi-

zation of parameters: hue, brightness, luminance, and saturation. The optimization 
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technique is based on Grid-based ensemble method by using the combination of random 

forest and gradient boosting decision tree. Like the gradient boosting method which cor-

rects the classifier in each run and forms the modified classifiers to a chain for the predic-

tion, our proposed ensemble method can also improve the fitness function in each itera-

tion. To accomplish this task, Grid-based ensemble can find the better optimal solution in 

each iteration by using the gird dominance and grid difference for choosing the best can-

didate in the environmental selection processes, which is the major advantage of our pro-

posed method. 
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