
 

Dynamic Foreground/Background extraction 
based on segmented image 

 

Huimin Yang
            

Tianyi Chen 1 
 Electrical and Computer Engineering      Information Networking Institute  2 

Carnegie Mellon University Carnegie Mellon University  3 
huiminy@andrew.cmu.edu tianyic@andrew.cmu.edu   4 

 

              Yulian Xu  Ran Ye  5 
      Electrical and Computer Engineering  Electrical and Computer Engineering  6 
             Carnegie Mellon University  Carnegie Mellon University  7 
             yulianx@andrew.cmu.edu  rany@andrew.cmu.edu  8 
   9 

Abstract 10 

This paper addresses the problem of extracting dynamic foreground regions 11 
from a relatively complex environment within a collection of images or a 12 
video sequence. By using image segmentation code, we can first convert our 13 
traditional pixel-wise image collection into a collection of image with 14 
multiple monochrome image segments. Our approach in this study consists of 15 
four steps. First of all, we uniformly extract patches from the first frame of 16 
segmented image collection. And then, we manual tag the foreground and 17 
background within the first segmented image. After this step all the patches in 18 
the first frame will form two bags of patches. For one bag, the patches in it 19 
can model the features of the foreground. Meanwhile, the patches in the other 20 
bag can describe the features of the background. In this case, we call them 21 
foreground patches and background patches respectively. Third, for an 22 
incoming frame, we perform the segmentation and then extract the patches. 23 
For both the patches from the new frame and the previous known patches, in 24 
order to reduce the dimension, we perform LDA. Then use KNN and KDE to 25 
find the nearest patch bag for the incoming patches.  At this point, we can 26 
differentiate the foreground and background for the new image frame. Finally, 27 
we perform a bidirectional consistency check between the patches we already 28 
get and the patches from incoming image frame make the model adapt to new 29 
incoming image frames. In this report, we practice a novel, clear and easy 30 
way to extract dynamic foreground from the complex background.   31 

 32 

1 Introduction 33 

In this project, we propose to extract foreground/background based on segments. Traditionally, 34 
when the camera is still, the typical methods of separating foreground from background are 35 
based on the fact that foreground objects are moving and background remains unchanged. In 36 
such scenario, foreground/background separation can be achieved by detecting the change 37 
across frames of the video. Pixels that changes their position across the frame could be classify 38 
as foreground, while pixels remains the same across frames can be classified as background. 39 

However, when the camera is moving, the traditional approach of detecting changes across 40 
frames could not give us satisfying result because both foreground and background objects are 41 
moving. Therefore, we propose to extract separate foreground/background image by the 42 



feature of a segment. In a segmented image, if the feature of a segment is closer to the feature 43 
of previous foreground segments, we classify it as a foreground segment. Otherwise, we 44 
classify it as a background segment. 45 

There are multiple ways to represent the feature of a segment. In this project, we use 2 46 
approaches to represent the feature of a segment – raw RGB vector, LDA feature. 47 

Since a segment is a continuous area in the image within which color and texture are similar. 48 
Therefore, we propose to extract patches within a segment, and use the patches to represent the 49 
segment to reduce the computational complexity. The patches from previous frames form a 50 
foreground patch bag and a background patch bag to be compared against for new patches. And 51 
the bags adaptively update and evolve as new frames get processed. 52 

The rest of the report is organized as below: Section 2 describes the representation of patches 53 
and segment and the approach that we use to determine the similarity of patches and segments. 54 
Section 3 presents the algorithm and theoretical analysis in detail. Section 4 presents our 55 
experiment result. 56 

 57 
2 Patch representation and matching 58 

Because color and texture within a segment is similar, the feature of a patch within a segment 59 
can be used to represent the feature of segment. In this project, we use 3 approaches to 60 
represent the feature of a patch. 61 

 62 
2 .1  Pa tch  Repres enta t ion  63 

2 .1 . 1  Raw RGB vector. 64 

Because we use patches to represent segments and the size of the patch can be controlled 65 
within a reasonable limit. Raw RGB vector can be used as a feasible feature of a patch. For a 66 
video of 1920x1080 video, the typical size of a patch is 10 – 20 pixels. Therefore the length of 67 
a raw RGB vector is 300 – 1200. The speed of computation of using raw RGB vector is not 68 
high, but is still acceptable. 69 

 70 

2 .1 . 2  LDA feature of raw RGB vector 71 

Linear Discriminant Analysis (LDA) which also named Fisher Linear Discriminant (FLD) is a 72 
classic algorithm in pattern recognition. LDA can project high dimension pattern samples to 73 
the optimal discriminant vector space. After the projection, new samples have the maximum 74 
values of between-class scatter matrix S¬B and minimum values of within-class scatter matrix 75 
S¬W that means the samples have the vest separability in the space. Therefore, LDA is an 76 
effective feature extraction method. 77 

 78 
2 .2  Pa tch  Matching 79 

After we represent a patch, we have to decide whether the patch is more similar to the patches 80 
in the foreground bag or the patches in the background patch. This process is called patch 81 
matching. In this project, we use KNN to find the nearest neighbor of an un-identified patch. 82 

 83 
3 Algorithm 84 

In this section, we first introduce the basic steps of the algorithm. And then we provide a detail 85 
analysis on the LDA feature representation of patches. We also give details of patch update 86 
process. 87 

 88 
3 .1  Algor i thm 89 

In order to simplify the description of the extraction process, the following terms are defined: 90 

Pf It denotes the group of patches which are generated from the frame “f”, f = 1, 2… F. 91 



Bag_f It denotes the bag of foreground patches, which is also called “foreground model”. 92 

Bag_b It denotes the bag of background patches, which is also called “background model”. 93 

Sf It denotes the segments of frame “f”, f = 1, 2… F. 94 

Tf It denotes the tags (foreground/background) for the segments of frame “f”, f = 1, 2… 95 
F. 96 

 97 

The detailed the algorithm (extraction process) is as follows: 98 

1. Segment all the frames of the video, so we get a series of Sf, f = 1, 2… F. 99 

2. Manually tag the foreground and background within the first segmented frame S1, store the 100 
tags as T1.  101 

3. Uniformly extract patches P1 from S1. Let’s say current frame is the first frame, so f = 1; 102 

After this step, all the patches P1 will form two bags of patches “Bag_f” and “Bag_b” for 103 
foreground and background, according to the tags T1 of all the segments S1. 104 

4. The start of extraction process for the incoming new frame f = f + 1. 105 

5. Uniformly extract patches Pf from Sf. Using “KNN” or “KDE” methods to match all the 106 
patches in Pf with the two model-patch bags “Bag_f” and “Bag_b”. If the patch is very large, 107 
we need to use the “PCA” or “LDA” methods to do a dimension reduction before the matching 108 
process. 109 

6. For each segment in Sf, tag it to either foreground or background segment based on the 110 
voting result of all the patches in this segment. Say each patch in this segment will vote based 111 
on the result of step 5. 112 

After this step, all the segments Sf will have their own tags for foreground/background, which 113 
means we’ve successfully extracted the foreground/background from this frame f. Store the 114 
tags as Tf. 115 

7. Update the two model-patch bags:  116 

1)  Based on Euclidean distance, do a forward consistency check of the new extracted patches 117 
Pf against the model patches. Remove those redundant, ambiguous and possible outlier patches 118 
from Pf. Then integrate the filtered Pf to the model-patch bags “Bag_f” and “Bag_b”.  119 

2)  Do a backward consistency check of the two model-patch bags against the new extracted 120 
patches Pf. Remove those most out-of-date patches from “Bag_f” and “Bag_b”, until the sizes 121 
of the two model-patch bags are in the desired range.  122 

Here, what we need to pay attention to is, since we don’t want to mistakenly remove the modes 123 
of the appearance of the foreground/background image, we need to perform a partition of the 124 
patches in the two model-patch bags, before we do the backward check and remove out-of-date 125 
patches. Else, we may remove too much patches from some modes, which may lead to poor 126 
quality of later classifications. And we can use like “k-means” method or “hierarchical 127 
classification” technique to do the modes partition. 128 

8. If this is not the last frame of the video, go to step 4. Else, we are done. 129 

 130 
3 .2  LDA ana lys i s  131 

3 .2 . 1  Details of Linear Discriminant Analysis 132 

Linear Discriminant Analysis (LDA) which also named Fisher Linear Discriminant (FLD) is a 133 
classic algorithm in pattern recognition. LDA can project high dimension pattern samples to 134 
the optimal discriminant vector space. After the projection, new samples have the maximum 135 
values of between-class scatter matrix SB and minimum values of within-class scatter matrix S-136 
W that means the samples have the vest separability in the space. Therefore, LDA is an effective 137 
feature extraction method.  138 



 139 

In our project, we use LDA in order to reduce dimension of pixel sequence of each patch. 140 
Consider there are only 4 different classes but each pixel sequence has 1083 dimensions, we 141 
need to calculate the 3-dimension eigenvector W standard for each letter.  142 

 143 

The mean value of class i is  144 
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The mean value of training dataset is  146 
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Between-class scatter matrix SB and within-class scatter matrix SW are 148 
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The traditional method is using (3), (4), (5), (6) as input into 151 
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In our program, we only need to use the [W, lambda] = eig(Sb, Sw) function in matlab to 153 
retrieve the eigenvector W. After multiple the original dataset to W, we get new dataset which 154 
is 3 dimensions in each row. 155 

 156 

Figure 1 The eigenvector of 3
rd
 segment compare with random patches with same amount 157 

when there are four different segment classes 158 



 159 

Figure 2 The eigenvector of 4
th
 segment compare with random patches with same amount 160 

when there are four different segment classes 161 

 162 

We provide two examples to illustrate why our eigenvector should make sense. The left part of 163 
each figure is the result of patches in the same class and the right part is the result of random 164 
patches. There are three important features to confirm the eigenvector is correct: 165 

1. Each dimension of patches in the same class is parallel with others and is a line themselves 166 
means they nearly have same value as their eigenvalues. 167 

2. The left part is more separable than the right part which means each dimension can better 168 
represent data features. 169 

3. Different color standard for different dimension. We can see there are a lot of differences 170 
between two left figures which means the eigenvector can distinguish different segment 171 
well. 172 

 173 

3 .2 . 2  K// Classifier 174 

We implement the KNN as the method of classifier. 175 

 176 

We can define the Euclidean distance and the angle between two vectors. For Euclidean 177 
distance, we use the equation:  178 

distance ∑ =
−=

n

i ii xxxx
1

2

,2,121 )(),(  179 

 180 

In our project, we only need to find the nearest neighbor which means K = 1.  181 

 182 
4 Experiment  183 
We use the representation described in Section 2 and implement the algorithm in Section 3. We 184 
conducted foreground background extraction on 3 sets of video. In the first set of video, the 185 
background is very simple and clean and the foreground object takes up a large portion in the image. 186 
In the second set of videos, the background is more complicated but is very different in color and 187 
texture with the foreground object. In the third set of videos, background is extremely complicated 188 
and the color and texture of the background is similar to part of the foreground image. The result of 189 
the experiment on each of the set of video is shown below. 190 
 191 
For foreground/background extraction in the case where the camera is moving, there does not exist 192 
an automatic way of calculating error rate. In order to calculate the exact error rate, the only way is 193 



to manually tag which part of the image belongs to the foreground or background for every frame in 194 
the video. Due to the limit time of our project, we are not able to do foreground/background 195 
separation for every frame and therefore cannot provide the evaluation in the form of error rate. 196 
Instead, we show the some resulting image of foreground/background extraction for each 197 
experiment to show the performance of our algorithm. 198 
 199 
1. Simple background 200 

For video of simple background, the result of foreground background extraction is shown 201 
below. 202 

 203 

Figure 3 Sample result of simple background video set 204 
 205 

number of segments 150 - 250 

patch size 20x20 pixels 

max patch # per segment 20 

minimum segment size 10000 pixels 

Table 1 Parameters used for simple background condition 206 
 207 
In this set video, the result of using the 3 different approach of patch representation is very 208 
similar and all of them produce very good results.  209 
 210 

2. More complicated background 211 
In the second set of videos, backgrounds are more complicated, but the texture and color is 212 
different than the foreground. 213 

 214 

Figure 4 Sample result of comparatively complex background video set 215 
 216 

number of segments 250 - 350 

patch size 15x15 pixels 

max patch # per segment 20 

minimum segment size 5000 pixels 

Table 2 Parameters used for comparatively complex background condition 217 
 218 
In this set of video, the result of using Raw RGB vector representation of patches is the best. For 219 
LDA feature representation, some segments are wrongly classified occasionally in some 220 
frames. 221 
 222 

3. Extremely complicated background 223 
In the third set of videos, backgrounds are extremely complicated, and the texture and color of 224 
the background may be very similar to part of the foreground. 225 
 226 



227 

 228 

Figure 5 Sample result of extremely complex background video set 229 
 230 

number of segments 500 - 1000 

patch size 15x15 pixels 

max patch # per segment 50 

minimum segment size 5000 pixels 

Table 3 Parameters used for extremely complex background condition 231 
 232 

As shown in the result, because some part of the background is similar to the foreground, 233 
several segments are wrongly classified. For example, both the chair and the person’s hair are 234 
black. As a result, the chairs are sometimes classified as foreground while they are actually 235 
background, and the person’s hair are sometimes classified as background while they are 236 
actually foreground. The error could be reduced if in the video more lights hits on the person’s 237 
hair and show the texture of the hair. In that case, because the texture of the hair and the texture 238 
of the chair are different, the error in foreground/background separation should be reduced. 239 

 240 
5 Conclusion  241 

We have just presented our simple but novel algorithm for background/foreground extraction 242 
from a series of video frames. While both the foreground and background objects are keeping 243 
moving and dynamically changing their appearance during the whole video, according to our 244 
experiment results, it is demonstrated that our algorithm can work very well for either simple 245 
or complex background. And except the first hand-tag frame, all other frames’ extractions are 246 
automatically generated based on segmentation and auto appearance learning and matching.  247 

This algorithm employs the “model patch bags” to represent the model background/foreground 248 
appearance. To keep the “model patch bags” more adaptive to the changing appearance of the 249 
video frames, and also make sure the size of the “model patch bags” is in a reasonable range for 250 
calculating, online “model patch bags” updating is realized by adding new qualified patches 251 
from new video frames and removing those out-of-date model patches. This makes the 252 
algorithm work very reliable and robust. 253 

While the experiment results are satisfying, we can still make progress and improve our 254 
performance by considering the spatial relationships among different segments of the 255 
foreground object. And we will leave this for future improvement. 256 

 257 
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