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9 Abstract: In recent years, many algorithms based on end-to-end deep networks have been proposed
10 to deal with the target detection problem of videos. However, the deep network models usually
11 consume a lot of computing resources during the procedure of analysis of videos with complex
12 dynamic backgrounds. In this paper, a new method of object detection based on information theory
13 is presented. Firstly, each frame in a video is converted into an effective information map by using
14 the Harris corner detection method. Secondly, the sensitive areas in the frame are extracted by using
15 the context information and the effective information maps of the consecutive video frames. The
16 sensitive areas in the video frame are the candidate areas where the target objects would be
17 appeared at high probabilities. Thirdly, the information entropy features of each sensitive area are
18 extracted to form the feature matrix, based on which, an SVM model is trained for selecting the
19 target areas from the sensitive areas. Finally, the locations of the objects are detected based on the
20 target areas in the video with a complex dynamic background. As a lightweight video detection
21 framework, the method presented in this paper can save a lot of computing resources. Experimental

22 results show that this method can achieve good results in the benchmark of CDnet 2014.

23 Keywords: target detection; dynamic background; information theory; feature matrix; computing
24 resources
25

26 1. Introduction

27 In the last decade, the video processing technology of target detection and tracking has made
28  great progress. Without considering the computational cost of hardware, the most common and
29  effective methods usually depend on the deep neural networks. The end-to-end convolutional
30  models often have good performance in speed and accuracy [1]. Actually, the models are mainly
31  designed for the target detection of still images. In the video processing, these models need to be
32  optimized with the contextual information. When some interfering factors, such as illumination
33  change, motion blur or video jitter, appear in the video, the accuracy of recognition of them would
34 decline sharply.

35 The speed of video processing rests with the positioning time of suspected target areas in the
36  video frame [2]. The computational cost of video processing depends on the complexity of the deep
37  network model [3]. According to the regularity of the background change and the finiteness of the
38  target category, the video processing model can be designed and modified specially for some certain
39  scenes. For example, the NoScope model is made up of difference detector, specialized model and
40  reference neural network [4]. Due to the special structure and the search method of the model, it can
41  both improve processing speed and reduce operation cost. But after the complex training, the
42  NoScope model is highly dependent on specific scene and target.

43 The video processing requires avoiding the use of complex deep neural network to reduce
44 hardware cost. At the same time, it also requires exploiting the data redundancy between consecutive
45  frames to reduce software (computation) costs. Zhu [5] uses sparse feature propagation to save these

© 2018 by the author(s). Distributed under a Creative Commons CC BY license.


http://dx.doi.org/10.20944/preprints201801.0160.v1
http://creativecommons.org/licenses/by/4.0/

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 January 2018 d0i:10.20944/preprints201801.0160.v1

46  cost. These propagated features are only calculated on the key frames in the video. But this kind of
47  algorithm still needs to be improved because there is not a proper method to dynamically select the
48  key frames from all video frames.

49
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50 Original Image Effective Information Map  Sensitive Areas Target Areas Target Object
51 Figure 1. The flow chart of method.
52 In this paper, a method based on information theory is proposed to detect the video object at

53  low cost. The flow chart of the method is shown in Figure 1. In a video with complex and changeable
54  background, it is very difficult to distinguish the target from the noise only by the motion trajectory.
55  But the change of local information entropy between consecutive frames is effective to identify the
56  object. Based on these features, it is possible to design a relatively simple model for noise reduction.
57  Thus, the hardware which supports this model to run can save a lot of cost. In addition, the sensitive
58 areas in the video frame are more likely to contain foreground targets. So it can avoid a lot of time-
59  consuming operations by doing intensive calculation for sensitive areas rather than that for the whole
60  frame image. The objective of experiments in this paper is to detect objects in the video with dynamic
61  background. And the definition of target detection in this paper is only to mark object positions, not
62  to classify the objects. Comprehensive experiments show that the method based on information
63  theory achieves high accuracy and significant performance.

64 2. Previous Work

65 In the past period, there has been a lot of discussion and research on target detection and object
66  classification in the field of video processing. On the basis of the image processing algorithms, a large
67 number of video processing algorithms has been proposed and improved. In practice, many
68  experiments show that combining traditional feature extraction methods (like SIFT [6] and HOG [7])
69  and machine learning methods can solve the problem of object detection and classification well in the
70  field of image processing [8,9]. In DPM model, the object is divided into multiple parts for extracting
71  HOG features separately [10]. These HOG features are proved to be useful and efficient in pedestrian
72 detection. Due to the lower computational cost and higher detection accuracy, deep neural network
73  becomes an important method of computer vision processing in recent years. Current evidence
74 suggests that the deep learning algorithm has an ability of approximate human beings in the field of
75  image classification and object detection [11,12].

76 When all of the frames in the video are processed in the same way, the applications of deep
77  network in image processing can be directly converted to algorithms for solving video processing
78  tasks. Without considering the cost and the speed, the task of object recognition and segmentation in
79  video processing can be solved well by improving the deep network algorithm (like CNN [13]) in
80  image processing [14,15]. But as the requirements for speed and accuracy are gradually improved,
81  more models are specially designed as end-to-end deep network models [16,17]. These models can
82  avoid many problems about parameter optimization during the training process. Meanwhile they
83  can also speed up by directly outputting the category and the location of object.

84 The end-to-end network model is considered as the key point of improving the speed of
85  recognition and positioning. In the object recognition task of computer vision, the YOLO model
86  abandons the thought of regional pre-processing. And it truly realizes the application of end-to-end
87  network model [18,19]. Now, without considering the cost of hardware, the target object in video
88  processing task can be identified and tracked in real time, such as SSD model [20]. Zhu [5] proposes
89  theidea of transferring the convolutional feature map of sparse key frame to other video frames. This
90  idea can take advantage of the context information well in the video stream and accelerate the
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91  operation process of the whole model by flow calculation. This method is specially designed for
92  solving video processing tasks.
93 The use of end-to-end deep network needs to consume a lot of costs, such as manual marking
94  cost and hardware cost. So before the end-to-end deep learning network becomes popular, R-CNN
95  (regional convolutional neural network) is the primary method to solve the object recognition
96  problem in the field of video processing. Compared to a complex deep network, R-CNN may be run
97  with lower hardware cost but will be followed by the inefficiency of computation. The method
98  proposed in this paper tries to solve this contradiction. It improves the speed of video processing by
99  using sensitive area screening. At the same time, it saves hardware cost by using simple machine
100  learning model.
101 The function of information entropy is to quantify the information change process of the local
102  area. The information entropy of one image is actually the expected value of all information saved in
103  this image. Therefore, the change of information entropy in continuous frames is one special form of
104  information gain. The information gain is often used in decision tree algorithm to select
105  characteristics [25]. Actually, the random forest algorithm proposed based on decision tree is still
106  popular in many fields now [26]. These works prove that the information theory is useful for finding
107  the effective characteristics of different classes. Therefore, the ability of information theory in the
108  classification model is not to be questioned. In this paper, the feature matrix used in the training of
109  model is obtained by calculating the information entropy of sensitive area. These feature matrixes
110  can better express the deep characteristics of image and improve the generalization ability of the
111  model.

112 3. Method

113 The method proposed in this paper is to achieve the object detection task in a complex
114  environment. The video processing in complex environment is usually more difficult. Thus a new
115  method in this paper is proposed on the basis of information theory. In the method, the information
116  entropy is utilized to quantify the information change process of the local area. The quantify result
117  can well indicate the different nature between the object and the noise. As shown in Figure 1, the
118  focus of the method is the extraction of sensitive areas in the video frame and then the feature matrix
119  is extracted by information entropy calculation to classify sensitive areas.

120  3.1. Effective Information Map

121 The effective information represents the valuable information that is used for identifying
122 foreground objects in the frame of video. There is a greater probability of having targets in the area
123 where effective information is assembled in the image. The effective information map can be used to
124 extract sensitive areas of the image, such that the target can be found faster by less computation.
125  Experiments show that about 1000-2000 candidate areas can be found out from a video frame in the
126  pre-process of region-based convolutional networks [14]. However, extracting sensitive areas
127  through effective information map can greatly reduce the number of these candidate areas.

128 In selective search model, the candidate area set is composed of local regions that are merged
129  after image segmentation [2]. Therefore, the angular points and edges that are important during the
130  extracting processing of candidate areas often represent effective information. Since the Harris corner
131  detection algorithm [21] can distinguish the flat regions, the edge regions and the corner regions in
132 the image, this algorithm can be used as the extraction method of effective information.

133 The Harris corner detection algorithm can obtain the response value of the corner information
134  through the transformation of corner response function. The response value of the edge region is
135  negative. The response value of the corner region is a larger positive number and the response value
136  of the relatively flat region is a smaller positive number. Assume that the non-flat region in the video
137  frame is the area containing effective information, so the transformation formula of the effective
138  information map is
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255,  |dst| > (a-Max(|dst]))

1 linfo = -
39 info = f(x,¥) { 0, ldst| < (a-Max(|dst]))

140  dst represents the corner detection result of the video frame. a times of the maximum value of the
141  corner detection result is the threshold to divide the flat region and the non-flat region, i.e., the
142 ineffective information region and the effective information region. Finally, the effective information
143  map can be obtained by the Gaussian filtering and simple morphological processing. As shown in
144 Figure 2, using the Harris corner detection algorithm can filter out a large number of flat regions,
145 such as lake surface, grass lawn and so on. Then, the sensitive area in video frame can be clearly
146  found out from the effective information map obtained through subsequent processing.

147

148 e _

149 (a) (b)

150 Figure 2. (a) Original Image (b) Harris Image (c) Effective Information Map

151 3.2. Sensitive Area Extraction

152 Using the context information of video is very important to improve video processing efficiency.
153  The frame difference and the background difference are common methods of using context
154  information. In these methods, the consecutive frame of video rather than a single frame is processed
155  and calculated as a basic unit. The dynamic background often contains complex information. So the
156  video with dynamic background is generally difficult to be processed by using the background
157  difference method. The frame difference method is characterized by low complexity, fast running
158  speed and strong adaptive ability of dynamic environment. Some noise in the dynamic background
159  can sometimes be mistaken for the foreground object during the processing of the frame difference
160  method. So this paper tries to improve the frame difference method to avoid the influence of noise as
161  faras possible.

162 According to the effective information map rather than the original video frame as the
163  processing unit, the frame difference method can get better result. The method used in this paper is
164  to calculate on the basis of effective information maps of three consecutive frames. The calculation
165  formulais

166 Dh(xy) = [fxY) = far1 D ALED]IV[LEY) — L&Y A fioi ()]

167  f,(x,y) represents the effective information map of the n'th video frame. The Vv operation in the
168  formulais to calculate the mean value of corresponding pixels in two effective information maps. The
169 A operation in the formula is to reserve the corresponding pixel value of the effective information
170  map of n'th video frame. This method can retain the outline of the moving object well after removing
171  thebackground area. The threshold processing is required for D, (x,y) after the difference operation.
172 The threshold value Ty, is obtained by the Otsu [24] method automatically. Then the influence of
173 light fluctuation is added on this basis to get the optimal threshold value T,pima- The optimal
174  threshold calculation formula is

1
175 Lo =1 . (a9 = &I+ 1Y) = fora 1D/2

A Kyea
176 Toptimal = Totsu + A - Liifr

177 X represents the influence factor of light fluctuation in the current environment. Through the
178  threshold processing, the difference image can be obtained finally.
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179 The sensitive area is the area where the foreground object is easy to appear in video frame.
180  Sensitive areas can be determined easily in the difference image of consecutive video frames. The
181  difference image obtained after threshold processing is divided into many small regions. These
182  regions have the same size and they are non-overlapping. The number of effective information pixel
183  in each region represents the occurrence possibility of the foreground object. This occurrence
184  possibility is the basis for judging sensitive areas. This paper assumes that the region is judged as
185  sensitive area as long as its occurrence possibility is greater than zero. The acquisition of sensitive
186  areas can greatly save the computing cost of subsequent operations.

187  3.3. Sensitive Area Screening

188 The extraction of sensitive area can effectively save the calculation cost in the subsequent
189  operation. The another key of the method in this paper is how to select real target areas from all of
190 the sensitive areas. In the most recent period, a large number of end-to-end machine learning models
191  are used to recognize targets [11]. But not all classification problems need to be solved by the deep
192 network [22]. In the NoScope model, just a simple convolutional neural network is used to recognize
193  objects that belong to a small number of categories [4]. The training of deep network often requires a
194  large number of sample labels. During the running process, the deep network also consumes a lot of
195  hardware resources. In the video which contains a dynamic background, these shortcomings of the
196  deep network are easy to be magnified because of many noise of the background.

197 In the video with complex background, the location recognition of the foreground object is
198  important than the classification of the foreground object. During the consecutive video frames, the
199  information changes of the target area are often progressive. Intuitively, the information changes of
200  thenoise area tend to have the characteristics of step change. Therefore, this paper proposes a method
201  that uses information entropy to quantify the process of information change of the area. Then, a
202  simple binary classification model can be trained through these information entropy matrixes. Since
203 the model is based on information change of local area, rather than image area itself, to distinguish
204 the foreground object from the background noise, the model has the characteristics of simple, fast
205  and strong robust.

206
Frame 1 Frame 2 Frame N
Area 1 Asea 2 v Area N
e -
[ Gray l | Gradient ‘
| Information Entropy w
5.42382 -+ 5.36951
207 5.77420 - 6.01891
208 Figure 3. The extraction flow chart of feature matrix of information entropy.
209 The extraction process of information entropy feature of the sensitive area is shown in the Figure

210 3. An N dimensional feature vector can be obtained by calculating the information entropy of local
211  areas of the same location in consecutive N frames. But the local areas of video frame are firstly
212 preprocessed by M kinds of algorithms before the calculation of feature vector. Thus, one area in the
213 video frame can be finally represented by a MxN dimensional feature matrix. There are many options
214 for image processing algorithm in preprocessing operation. Two preprocessing algorithms used in
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215  this paper are image gray algorithm and image gradient algorithm. No matter which kind of methods,
216 it can be of more generality after the calculation of information entropy.

217

218

219

220 Figure 4. (a) Sensitive Areas (b) Target Areas

221 During the training of the machine learning model, one feature matrix is used as the sample data

222 of one sensitive area. These samples are used for training a supervised binary classification model.
223 As shown in Figure 4, this model is used for screening sensitive areas in the video frame, in other
224  words, filtering out the noise generated by dynamic background.

225  3.4. Target Object Locating

226 The target object is calibrated on the basis of target areas in the video frame. Since the previous
227  operation has divided the whole image into multiple regions, the result image which contains all
228  target areas is resized for the convenience of subsequent processing. The adjustment rule of image
229  size is that each target area corresponds to one pixel in the adjusted image. Through the
230  morphological analysis of the adjusted image, target areas which belongs to the same object are
231  merged into a large target block. After the image is adjusted back to its previous size, the four
232 boundaries of this irregular target block can be utilize to form a complete rectangle. Finally, these
233 rectangular boxes can be used as the calibration results of the target objects in the video frame. In the
234 next moment, they can be used for classification or other more significant work. The method that uses
235  target areas for locating the target object is not complicated, but it can achieve a nice result.

236 4. Experiment

237 The experiment data of this paper is from the video dataset in CDnet 2014 [23]. The main test set
238  used in this paper is the video with dynamic background. The ground truth image in dataset only
239  distinguish the foreground object from the background. Thus, the detection task of this paper mainly
240  focuses on the calibration of the target locations, not on the recognition of the target category. One of
241  the main contributions of this paper is to use a more efficient algorithm to achieve the selection work
242 of candidate areas. The implementation of the regional convolutional network usually leads to
243 excessive running cost because of the time-consuming selection work in it. The end-to-end deep
244 network does not need to screen out candidate areas in advance, so it becomes more popular now.
245  The work in this paper has positive significance to use a low-cost simple model for achieving the
246  same effect with an end-to-end deep network.

247 The experimental flow chart of the method proposed in this paper is shown in Figure 5. During
248  the transform process of effective information map, the threshold of Harris corner detection
249 algorithm is 0.01. If the shot environment of video is not very complex, extreme or uncommon, then
250  the influence of this parameter is little. During the extraction and screening of sensitive areas,
251  experiments prove that the optimal pixel size of sensitive area is 11x11. After the sensitive area is
252  determined, the same location area of 8 consecutive frames are selected as data sample source for
253  subsequent classification work. Then, each sensitive area can be transformed into a 2x8 dimensional
254  feature matrix.
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255
256 Figure 5. The experimental flow chart of method.
257 Table 1. The model parameters table.
Kernel Degree Gamma Error Precision
polynomial 3 1/16 0.001
258 Table 2. The experimental result table.
Video Category Dynamic Background Camera Jitter
Video Content Boats Highway Traffic
Accuracy 85.29% 85.61% 88.05%
Speed(fps) 64 52 40
259
260 In the next period of the experiment, different classifiers are trained for several video

261  environments respectively. However, the training parameter of different classifiers are the same. The
262  supervised binary classification model used in the experiments is SVC model. The parameters of
263 model are shown in Table 1. Three representative series of video are selected as primary experiment
264  data: one contains the dynamic background of water fluctuation, one contains the dynamic
265  background of leaves shaking and the other one contains heavy jitter of the camera. As shown in
266  Table 2, the experimental results prove that the object detection framework based on information
267  entropy can achieve the same ideal effect in different scenes. After running the different classification
268  models with cross-validation, the ROC curves are plotted as shown in Figure 6. It can be proved that
269  the object detection framework proposed in this paper has the strong adaptive ability in different
270  scenes.

271 The different classification models based on information theory are trained in different scenes.
272 Then, these models are tested in the corresponding scene. The test results are shown in Figure 7. In
273  the dynamic scene which content is a boat, about 1000 frames in the first half of the video are used in
274  the training of the detection model and about 2000 frames in the second half of the video are used in
275  thetest. In Figure 7, the first line is the processing result obtained by using the validation set of video
276  and the second line is the processing result obtained by using the test set of video. If the classification
277  model is trained based on the image itself rather than the information entropy result, the model may
278  get high accuracy in validation set but will be followed by poor generalization ability in the test set.
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The above experiment proves that the video detection framework based on information theory has
strong generalization ability in the same scene.
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Figure 6. The ROC curves. (a) Boats (b) Highway (c) Traffic
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291
292 Figure 7. The test results.

293 5. Conclusion

294 A new target detection method based on information theory is presented in this paper. Although
295  this method does not have the ability to classify target categories, the method can be treated as a
296  framework for target location detection to save the cost as much as possible. A large number of
297  candidate areas are avoided to be considered by using the context information of the video. At the
298  same time, much hardware cost can be saved by using a lightweight machine learning model. The
299 method of this paper provides a new way, which is different from the end-to-end deep network, to
300  solve the video processing task at low cost.

301 Although the algorithm has strong generalization ability in the same scene, different models
302  need to be trained respectively for video with different dynamic backgrounds, because the noise has
303  different characteristics in different dynamic background. Thus the future work is to find the
304  common characteristics among the different scenes by using information theory.
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