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ABSTRACT 
Video identification or copy detection is a challenging problem 
and is becoming increasingly important with the growing 
popularity of online video services. The problem addressed in this 
paper is the identification of a given video clip in a given set of 
videos. For a given query video, the system returns all the 
instance of the video in the data set. This identification system 
uses video signatures based on video tomography. A robust and 
low complexity video signature is designed. The signatures are 
generated for video shots and not individual frames. This results 
in a compact signature of 64 bytes per video shot. The signatures 
are matched using simple Euclidean distance metric. Both 
signature generation and matching have a very low complexity. 
The system is evaluated using DVD and broadcast content with 
different resolutions. The results show that videos can be 
identified with 100% recall and over 97% precision. The nature of 
the signature makes it robust to transformations such as re-
compression and transcoding. 

Categories and Subject Descriptors 
I.4.8 [Scene Analysis]: Motion. 

I.4.8 [Vision and Scene Analysis]: Video Analysis 

General Terms 
Algorithms, Design, Experimentation. 

Keywords 
Tomography, Motion Analysis, Scene change detection, Video 
copy detection, Video Signatures 

1. INTRODUCTION 
Video copy detection also referred to as video identification is an 
important problem that impacts applications such as online 
content distribution. The main problem addressed here is 
determining whether a given video clip belongs to a known set of 
videos. One scenario is movie studios interested in monitoring 
whether any of their video is used without authorization. Another 
common application is determining whether copyrighted videos 
are uploaded to video sharing websites.  A related problem is 
determining the number of instances a clip appears in a given 
source/database. Advertisers would be able to monitor how many 
times an advertisement is shown. These problems are challenging 
and the solutions fall into two classes 1) digital watermark based 

video identification and 2) content based video identification. 
Digital watermarking based solutions assume an embedded 
watermark that can be extracted anytime in order to determine the 
video source. Digital watermarking for video and images has been 
proposed as a solution for identification and tamper detection in 
video and images [1]. While digital watermarking can be useful in 
identifying video sources, they are not usually designed to address 
the problem of identifying unique clips from the same video 
source. Even if frame-unique watermarks are embedded, the 
biggest obstacle of using watermarking is the embedding of a 
robust watermark in the source. Another issue is that large 
collections of digital assets without watermarks already exist. 

The drawbacks of digital watermarking are being addressed in an 
emerging area of research referred to as blind detection [2,3].  
Blind detection based approaches, like digital watermarks, 
address the problem of tampering detection and source 
identification. Unlike watermarks, blind detection uses 
characteristics inherent to the video and capture devices to detect 
tampering and identify sources. Nonlinearity of capturing sources, 
lighting consistency, and camera response function are some of 
the features used in blind detection. This is still an emerging area 
and some doubts persist about the robustness of blind detection 
[4]. Like watermarks blind detection approaches are not intended 
to identify unique clips from the same video. Both digital 
watermarking and blind detection are more suitable for tamper 
detection and source identification and are not suitable for video 
copy detection or identification. 

Content based copy detection has received increasing interest 
lately as this approach does not rely on any embedded watermarks 
and uses the content of the video to compute a unique signature 
based on various video features. A survey of content based video 
identification systems is presented in [5, 6]. 

A content based identification system for identifying multiple 
instances of similar videos in a collection was presented in [7]. 
The system identifies videos captured from different angles and 
without any query input. Since the system is designed to identify 
similar videos this is not suitable for applications such as copy 
detection that require identification of a given clip in a data set. A 
solution for copy detection in streaming videos is presented in [8]. 
The authors use a video sequence similarity measure which is a 
composite of the frame fingerprints extracted for individual 
frames. Partial decoding of incoming video is performed and DC 
coefficients of key frame are used to extract and compute frame 
features.      



A copy detection system based on the bag-of-words model of text 
retrieval is presented in [9]. This solution uses SIFT descriptors as 
words to create a SIFT histogram that is used in finding matches.    
The use of SIFT descriptors makes the system robust to 
transformations such as brightness variations. Each frame has a 
feature dimension of 1024 corresponding to the number of bins in 
the SIFT histogram. A clustering technique for copy detection 
was proposed in [10]. The authors extract key frames for each 
cluster of the query video and perform a key frame based search 
for similarity regions in the target videos. Similarity regions as 
short as 2x2 pixels are used leading to high complexity. A content 
based video matching scheme using local features is presented in 
[11]. This approach extracts key frames to match against a 
database and then matches the local spatio-temporal features to 
match videos.  

Most of these content based video identification methods operate 
with video signatures that are computed using features extracted 
from individual frames. These frame based solutions tend to be 
complex as they require feature extraction and comparison on 
frame basis. Another common feature of these approaches is the 
use of key frames for temporal synchronization and subsequent 
video identification. Determining key frames either relies on 
underlying compression algorithms or requires additional 
computation to identify key frames. An important characteristic of 
video identification solutions is a robust and compact video 
signature that is computationally inexpensive to compute and 
compare. 

In this paper we present a robust video identification system that 
uses spatio-temporal signatures based on video tomography (see 
Section 2. for an overview of video tomography). Video 
tomography captures the spatio-temporal changes in videos and is 
a measure of local and global motion in videos. The proposed 
video identification system is based on the hypothesis that the 
combination of local and global motion in a video clip can 
uniquely characterize and identify videos. The results of extensive 
evaluation show that the proposed system can identify videos with 
very high precision and recall rates. 

The key contribution of this paper is a robust video identification 
system based on video tomography. The proposed solution is low 
complexity as it uses a 32-byte signature for a shot or group of 
frames. The system has very low memory and computational 
requirements and is independent of video compression algorithms. 
This system can be easily implemented as a part of commonly 
available video players.     

The rest of the paper is organized as follows: Section 2 
summarizes video tomography, Section 3 presents video signature 
development, and Section 4 presents a shot identification method 
that complements the proposed system. Experiments and results 
are presented in Section 5 and conclusions are drawn in Section 6. 

2. VIDEO TOMOGRAPHY 
The proposed method of video identification is based on video 
tomography. Video tomography was first presented in ACM 
Multimedia ‘94 by Akutsu and Tonomura for camera work 
identification in movies [12]. Since then this approach has been 
primarily explored for summarization and camera work detection 
in movies [13]. The images of video tomographs in [12] and [13] 
reminded us of flow patterns of ridges in human fingerprints and 

thus began our exploration of video tomography for identification. 
The initial thought was to exploit the work done in fingerprint 
analysis to extract signatures from video tomographs. During the 
course of development we discovered the simple and elegant 
structure in video tomographs and developed a video signature 
based on easily computable features. Our experiments verify that 
these video signatures are robust and uniquely identify video 
shots. This approach is robust to transformations such as re-
compression and is independent of the compression algorithms 
used. The video tomographs are also referred to as spatio-
temporal slices in the subsequent work [14]. The spatio-temporal 
slices were explored for applications in shot detection [15] and 
segmentation [16]. 

2.1 Video Tomography 
Video tomography is the process of generating tomography 
images for a given video shot. A tomography image is composed 
by taking a fixed line from each of the frames in a shot and 
arranging them from top to bottom to create an image. Figure 1 
illustrates the concept for a video shot of S frames. The figure 
shows horizontal tomography image, TH, created at height HT 
from the top-edge of the frame and a vertical tomography image, 
TV, created at position WT from the left-edge of the frame. The 
height of the tomography images is equal to the number of frames 
in a shot. Other line patterns can be used in addition to the vertical 
and horizontal tomography patterns shown in Figure 1; e.g., left 
and right diagonal patterns and any other arbitrary patterns. 
 
 
 
 
 
 
 
 
 
 
 Figure 1. Video Tomography for a video shot of S frames with 
dimensions WxH  
The image obtained using the composition process shown in 
Figure 1 captures the spatio-temporal changes in the video. The 
position of the scan line (HT or WT) strongly affects the 
information captured in the video tomograph. When scan lines are 
close to the edge (e.g., HT < H/5) the tomograph is likely to cut 
across background as most of the action in movies is at the center 
of the frame. Any motion in a tomograph that mainly cuts a static 
background would be primarily due to camera motion. On the 
other hand, with scan lines close to the center (e.g., HT = H/2) the 
tomography is likely to cut across background as well as 
foreground objects and the information in the tomograph is a 
measure spatiotemporal activity that is a combination of local and 
global motion. For video identification, capturing the interactions 
between global and local motion are critical and scan lines at the 
center of the frame are used. 
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Figure 2. (a) Snap short of Shrek (720x480), 180 frames (b) 
vertical tomograph (180x480; WT = W/2) and (c) edges in the 
vertical tomograph (d) horizontal tomograph (720x180; HT = H/2) 
and (e) the edges in the horizontal tomograph (f) left diagonal 
tomograph (720x180) (g) edges in the left diagonal tomograph (h) 
right diagonal tomograph (720x180) (g) edges in the right 
diagonal tomograph 

Horizontal and vertical tomography for a 180 frame shot from the 
movie Shrek is shown in Figure 2. The tomographic images are 
created using only the luminance component; this has the side 
effect of making the system robust to color variations. The video 
resolution is 720x480. Figure 2.a shows the vertical tomograph 
and the corresponding edge image is shown is shown in figure 
2.c. The edge image was created using the Canny edge detector. 
The edge image clearly reveals the structure of motion in the 
tomograph. These edge images contain surprisingly rich 
information that can be used to understand the structure of the 
video sources. Such edge images are used to identify camera work 
in [12, 13]. These edge images are used in our video identification 
system for generating video signatures. 

Canny edge detection algorithm used for detecting edges in 
tomographic images is a multi-stage algorithm to detect a wide 
range of edges in images [27]. The algorithm smoothes the image 
to eliminate and noise then finds the image gradient to highlight 
regions with high spatial derivatives using a Gaussian filter (in 
our case 3x3 pixels), after that the algorithm tracks along these 
regions and suppresses any pixel that is not at the maximum (non 
maximum suppression). Now using hysteresis the gradient array 
is reduced. Hysteresis is used to track along the remaining pixels 
that have not been suppressed. Hysteresis uses two thresholds and 
if the magnitude is below the first threshold, it is set to zero (made 
a non edge). If the magnitude is above the high threshold, it is 
made an edge. And if the magnitude is between the 2 thresholds, 
then it is set to zero unless there is a path from this pixel to a pixel 
with a gradient above the second threshold. 

3. VIDEO SIGNATURE DESIGN 
Video signatures are designed to identify video clips uniquely. A 
clip can be a well defined shot that is S frames long or any 
continuous set of S frames. Video tomographs for four scan 
patterns in a clip were analyzed 1) horizontal pattern at 50% (HT 
= H/2) 2) vertical pattern at 50% (WT = W/2) 3) left diagonal 



pattern and 4) right diagonal pattern. The tomographic images 
extracted from these four patterns have a complex structure 
reminiscent of fingerprints as shown in Figure 2. The initial plan 
was to exploit tools in fingerprint analysis to extract signatures. 
Fingerprint analysis uses combination of ridge endings and ridge 
bifurcations to match fingerprints [17]. To be able to use 
fingerprint analysis tools we needed to create enough artificial 
ridges and bifurcations in video tomographs. Ridges and 
bifurcations in tomographs are formed when lines representing 
motion flows intersect. One simple way of accomplishing this to 
combine tomographic images created from different scan patterns. 
The horizontal and vertical patterns were combined using an OR 
operation to create a composite image. A second composite image 
was created by combining the left and right diagonal patterns. The 
two composite images thus created form the basis for the video 
signatures. The composite images are visually as complex as a 
fingerprint as shown in Figure 3. 
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Figure 3. (a) Composite of horizontal and vertical tomograph 
edges (180x180) (b) Composite of left and right diagonal edges 
(720x180)  

Before well known fingerprint analysis was applied, a simpler 
metric inspired by the minutiae in fingerprint analysis was 
developed. The key constraint here is the ability to extract the 
features from exactly the same position in the composite image 
irrespective of the distortion a clip may suffer due to compression 
and other transformations. The metric used was the number of 
level changes at discrete points in the composite images. The 
level changes were measured along horizontal and vertical lines at 
predetermined points in composite images. The number of such 
points determines the complexity and length of a signature. Figure 
4 shows eight horizontal and vertical positions used. At each of 
these positions on a tomograph edge image, the number of level 
changes is counted; i.e, the black to white transitions representing 
the number of edges crossed along the line. This count can be as 
high as half the width of an image and is stored as a 16 bit integer. 
The 16 counts on the horizontal-vertical composite and the other 
16 edge counts on the diagonal composite form a 64 byte 
signature for each video clip. The signature size is always 64 
bytes irrespective of the number of frames in a clip. Since 

signatures are not created for individual frames, this solutions 
results in a compact signature and the computational cost of 
finding a match is very low. The overall signature generation 
process is summarized in Figure 5. 

 

 

 

 

 

 

Figure 4. Level changes measured at eight equally spaced 
horizontal and vertical positions  

 

 

 

 

    

 

 

 

 

 

 

Figure 5. Signature generation process 

3.1 Signature Generation Complexity 
Generating the signatures for a video clip has relatively low 
complexity. The complexity is dominated by the complexity of 
edge detection in tomographic images. On a 2.4 GHz Intel Core 2 
PC it takes about 100 milli seconds to generate a video signature 
for a 180 frame video clip with 720x480 resolution. At 30 frames 
per second, the complexity of signature generation is negligible 
and can be implemented in standard video player without 
sacrificing playback performance. 

4. SHOT BOUNDARY DETECTION 
Video identification typically requires shot detection to identify 
shot boundaries when signature databases are created by content 
providers as well as when a long video needs to be identified. 
Video tomography has the potential to identify shot boundaries 
reliably. Since video tomographs are generated for video 
signatures, shot boundary detection adds negligible complexity to 
the system.  

4.1 Background 
Video scene change detection or shot detection has been well 
studied problem over the last decade. It involves segmenting a 
given video into constituent shots. This the first step involved in 
video identification because each scene in a video is often unique 
and thus has unique motion vectors. To characterize video and 



uniquely identify it (or a portion of it), the original video needs to 
be segmented into respected scenes. Our identification approach, 
described in the next section, lives on this assumption and creates 
a signature for each shot of a given Video. Copies of portions of 
the video can later be identified by comparing these signatures. 

Several approaches have been proposed for scene boundary 
detection. Most of the older methods use color histograms for 
identifying distance between frames [18]. Other methods include 
Pixel differences [19, 20], Statistical Methods [21], Compression 
Differences [22, 23], Edge tracking [24]. Most of the older 
methods have been studied and compared with experimental 
results in [25]. 

4.2 Related Work 
Our approach to shot boundary detection is using motion 
representation of the video – Tomography. Several recent 
publications suggest that motion based scene detection as an 
efficient method to detect shot boundaries.  
In [15, 16, 26], the authors describe a scene change detection 
method based on motion. A scene, in this paper, is described as a 
set of shots where as a shot is a single camera motion inside a 
video. A scene is comprised of similar shots. For detecting scene 
change, they segment the video into various shots and then run a 
similarity analysis on the shots to group them into various shots. 
Spatio-temporal slices (similar to tomography) are used along 
with color information to segment the video into shots extracting 
motion fragments from each shot. Each shot could have multiple 
motion units. They consider the fragment with the highest motion 
and reconstruct the background image. Based on the similarity 
measure of this they try to compare various scenes in a video. [15] 
describes their similarity measure and video representation which 
is a color based similarity measure of the reconstructed 
background.  
In [16], the authors introduce unique patterns for each camera 
breaks. They concentrate on cuts, wipes and dissolves and show 
how the Spatio-Temporal slices of a video show motion 
representation of a video into unique image patterns for each 
camera breaks. Figure 6, shows the image patterns used.  

 
Figure 6. Spatio - Temporal patterns for different camera breaks  

4.3 Motion and Tomography for Shot 
Detection 
Tomography analysis as discussed in section 2 provides valuable 
information as to what is happening in the video. The edge pattern 
of a tomography image of a video reveals easily comprehensible 
information related to shot boundaries.  
During a scene change in a video, the motion pattern 
(tomography) changes beyond a threshold. Due to this the edge 

pattern contains unique patterns for each scene transitions [15, 
16].  
Figure 7 below, shows one such pattern where a hard cut occurs. 
The position of the cut (each line in this pattern refers to a frame, 
as discussed in Section 2), is encircled. For hard cuts, one can 
clearly observe a horizontal line at the shot boundary. Looking for 
horizontal lines in a tomography of a video is a simple way to 
detect hard cut scene boundaries in the image. Other such patterns 
are also obtained for different transitions. Figure 8 shows such a 
transition (spin – where the old frame spins out into a new frame). 
The pattern can be clearly seen as a triangular flow. This makes 
tomography a very efficient method to detect even complex scene 
transitions using the same analysis algorithm. Also as the 
algorithm runs on the pixel domain data, it is independent of the 
compression method used. 
Scenes detected using our scene detection algorithm based on 
tomography can serve as the basis for generating unique 
signatures for each shot. The signature generation algorithm is 
described in Section 3. The algorithm follows creating snapshots 
of such edge patterns for a video taking a constant number of 
frames per snapshot and looking for transition patterns (horizontal 
line in the case of a hard-cut). After a match is found with a 
sufficient threshold at a frame that frame is marked for signature 
generation. The threshold used here is the number of white pixels 
in a line measure as a percentage of the video width. A threshold 
of 65% implies that a line with more than 65% of white pixels 
corresponds to a hard cut. With varying thresholds we obtained 
considerable accuracy in our scene detection algorithm. In this 
version of the system only hard cuts are implemented. 

 

 
Figure 7. Edge pattern of a scene change (hardcut) 



 
Figure 8. Edge pattern of a scene change (spin) 

4.4 Experimental Results for scene detection 
TRECVID 2007 [26], had a stream for shot boundary detection on 
a set of videos where the ground truth is available. We ran our 
experiments on their set. The results are summarized below for 
these videos. Comparison and explanation of results is available 
at [26].  

Table 1 - Results on TrecVid 2007 Database 

Threshold Results 

  65% Average Recall:  90% 
Average Precision: 91% 

60% Average Recall:  77% 
Average Precision: 93% 

 
The results show that the proposed approach can reliably detect 
cuts in videos. At 60% threshold the precision is 93% but the 
recall rate is low. Increasing the threshold to 65% reduces the 
precision slightly but significantly improves the recall rate 
resulting a fairly accurate cut detection solution.  
 
A fairly accurate shot detection solution is sufficient for use in 
video identification systems as long as the same cut detection is 
used at the 

5. EXPERIMENTAL RESULTS 
This section presents the evaluation of the video identification 
system based on video tomography. Figure 9 shows a use case 
where video owned by a content provider (e.g., Viacom) is 
distributed to users through one or more service providers (e.g., 
YouTube). A content provider creates a database of signatures for 
shots in videos. When video is uploaded to video service 
providers, the service provider can extract signatures and query 
the content provider system for matches. Similarly, shot 
signatures can be generated while users are playing the video and 
content provider can be contacted for a match. This system can be 
used to identify unauthorized use of video or to monitor the 

consumption of certain videos (e.g., adverts). When shot detection 
is used during signature generation, the same shot detection 
system is necessary at the user side for reliable performance. It is 
also possible to bypass the shot detection and use clips of constant 
length for generating signatures.    
 
 
 
 
 
 
 
 
 

Figure 9. Video identification scenario 

5.1 Setup 
The performance of the proposed solution was evaluated using up 
to 50,000 frames from four video: Shrek 1, Shrek 2, Pirate of the 
Caribbean, and NFL Football. The Pirates video also included 
advertisements. The current implementation works only with 
uncompressed videos and the large space requirements of 
uncompressed videos make evaluation with longer videos 
difficult.  
       Table 2: video characteristics  

Video number 
and name 

Number of 
frames  

Resolution 

1. Shrek 1 39,578 720x480 

2. Shrek 2 24,069 720x480 

3. Pirates 50,000 1280x720 

4. Football 50,000 1280x720 

 
Shot detection described in section 4 was used to detect cuts in 
the videos. Video signatures are generated for the first 90 frames 
of long shots. All the signatures are combined in a video database. 
The performance is measured by searching for a given shot and 
match is recorded if exactly one shot is identified. Shots are 
identified by measuring the Euclidean distance between the query 
shot and all the shots in the database. Since a simple distance 
metric is used, the complexity of searching for a match is very 
low. Different distance thresholds are evaluated. 
The experiments are repeated without shot boundary detection 
and using constant clips of length 90 frames.  

5.2 Results 
Figure 10 shows the result of a query for a shot. The figure shows 
that there is only one match and the average distance of the 
signatures in the matching video is smaller than the other three 
videos. The shot distances are show for the first 73 shots for 
improved readability. The distance is the Euclidean distance 
between video signatures (vectors of dimension 32). 
 



 
 
 
 
 
 
 
 

Figure 10. Shot distance against the entire database 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 11. Shot distance against the entire database 
 
Figure 11 shows the histograms of shot distances for the shot 
match shown in Figure 10. The histograms show that the closest 
matches are in Sherk 1. The results indicate that the video 
signature used has a good discriminating ability and serves as a 
good basis for video identification systems.  

5.2.1 Performance with shot boundary detection 
The performance of the system with shot boundary detection is 
summarized in table 3 shown on the last page. The results show 
that every shot was successfully identified and has a recall rate of 
100%. The precision however is greater than 97% for a distance 
threshold of 5. This means by setting a distance threshold to 5, 
most of the shots can be accurately identified with very small 
number of shots incorrectly identified as the given query. In these 
experiments, the query returns all matching shots with a distance 
less than the threshold.  
To eliminate loss of precision we evaluated the use of longer 
signatures; signatures created by measuring level changes at 16 
equidistant lines in the composite tomographic edge images (see 
Figure 4). The results show that the precision improves slightly at 
higher thresholds. Figure 11 shows the effect of signature length 
on precision. The figure shows that with longer signatures, 
precision improves for threshold of 10 but remains unchanged for 
the threshold of 5. Longer signatures are able to discriminate 
better eliminate some false positives.   
 
 
 

 
 
 
 
 

 
 
 
 
 
 
 
 
 
 

Figure 12. Effect of longer signatures on precision 
 
We examined the cases where multiple minimums were returned 
and found that the problem occurs when there are blank frames 
due to shot transitions and ad switching. 

5.2.2 Performance with constant clip lengths 
With constant clip lengths, the shot detection module is bypassed 
and signatures are generated for shot lengths of 90 frames. The 
results of these experiments are summarized in Table 3. The 
results show that recall is 100% and precision is over 97% for a 
threshold of 5; as threshold increases the systems returns more 
false positives.  The constant clip length signatures may be 
appropriate when shot detection is not efficient or for systems 
where the same shot detection system cannot be used at the 
content provider and service provider sites. 

6. CONCLUSION 
This paper presents a novel low complexity tool for video 
identification. The system uses video signatures based on video 
tomography. The signatures are designed for a group of frames 
(shots) and have low complexity for both creation and matching. 
A shot boundary detection scheme based on video tomography 
can be embedded into the signature generation engine to create 
video signatures for video shots. The results show that the 
proposed system has a recall of 100% and a precision of over 
97%.  The experiments conducted give a good confidence on the 
performance of the system. Since the signatures are evaluated 
exhaustively – each signature in the database is compared against 
all other signatures – the high recall and precision show that the 
signatures designed are able to uniquely identify video clips. The 
proposed system has low complexity for both signature 
generation and matching. Since the proposed approach uses pixel 
domain data, the proposed system becomes compression 
algorithm independent. Since the video signatures used are 
derived from spatio-temporal characteristics that are robust to 
compression artifacts the proposed solution can survive 
recompression and transcoding.  
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Table 3. Performance of the proposed video identification system 
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With shot boundary detection
1 128.803 130.836 140.881 194.390 66.862 64.948 81.749 105.533 1.000 1.000 1.000 1.000 1.000 0.972 0.951 0.717 0.079 0.016
2 130.836 129.399 141.937 183.767 62.427 62.499 76.908 101.831 1.000 1.000 1.000 1.000 1.000 1.000 0.987 0.890 0.100 0.018
3 140.881 141.937 149.304 199.469 67.300 66.130 85.014 103.601 1.000 1.000 1.000 1.000 1.000 0.989 0.967 0.601 0.068 0.017
4 194.390 183.767 199.469 161.610 67.159 62.477 76.537 88.489 1.000 1.000 1.000 1.000 1.000 0.983 0.983 0.967 0.375 0.039

With constant clip length of 90
1 147.642 146.044 153.850 213.719 65.678 66.210 78.862 108.786 1.000 1.000 1.000 1.000 1.000 0.973 0.951 0.706 0.052 0.008
2 146.044 143.405 151.400 212.631 63.662 65.863 78.124 109.113 1.000 1.000 1.000 1.000 1.000 0.970 0.956 0.657 0.047 0.008
3 153.850 151.400 156.322 220.183 67.251 68.696 83.277 109.115 1.000 1.000 1.000 1.000 1.000 0.989 0.813 0.346 0.030 0.007
4 213.719 212.631 220.183 177.689 68.666 65.166 76.765 89.220 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.945 0.213 0.018  




