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Abstract: 

This To analyse the evolution of video quality measurement techniques and their current state of the art, assess the real-time 

transmission video’s quality and presents an approach which used full reference video quality assessment (VQA) model to satis fy 

the objective and subjective measurement requirement. Start with effective optical flow-based fu ll-reference video  quality 

assessment (FR-VQA) algorithm for assessing the perceptual quality of natural videos. To characterize local flow statistics using 

the mean, the standard deviation, the coefficient of variation (CV), and the minimum eigenvalue of the local flow patches. 

Temporal d istortion is estimated as the change in the coefficient of variat ion of the distorted flow with respect to the refe rence 

flow, and the correlation between the min imum of the reference and of the distorted patches. The temporal and spatial d istortions 

computed are then pooled using a perceptually motivated heuristic to generate a spatial temporal quality score. The d istortio ns 

considered in  these databases include those due to compression, packet-loss, wireless channel errors, and rate adaptation. 

Additionally, analyze the quality of steganography process.. 

 

Keywords : Video quality assessment (VQA), Full reference VQA (FR-VQA), Mean, eigenvalue, s tandard deviation. 

 
I. INTRO DUCTION 

Video quality is a characteristic of a video passed through a 

video transmission/processing system, a formal or informal 

measure of perceived video degradation (typically, compared 

to the original v ideo). Video  processing systems may 

introduce some amount of distortion or artifacts in the video 

signal, which negatively impacts the user's perception of a 

system. For many stakeholders such as content providers, 

service providers and network operators, the assurance of 

video quality is an important task. Video quality assessment 

(VQA) plays important role in various video communication 

applications, while the demand for video applications into 

everybody’s life are rapidly g rowing. In these applications, the 

digital video is always processed through many stages  before 

it display in the receiv ing terminal.  The d isplay video must be 

degraded in the end device, but there is an important question 

that the video has been more or less degraded. VQA provides 

the procedure to measure the quality of the video. The quality 

of the video can be described by the distortion to the original 

video or the feeling with human visual system (HVS). Then 

there are two mainly methods: the subjective score method 

and the objective estimat ion method.  The subjective methods 

for video quality are consistent with actual conditions, but cost 

too much t ime. The subjective methods are not fit to real-time 

video application. So the objective video quality assessment 

methods have been widely used, such as signal-to-noise ratio 

(PSNR), which needs the original video as the Full Reference 

(FR). But in some real-time video applications, the reference 

videos could not be obtained for the measure system or not get 

the reference video frame synchronization.  

In “Multiscale structural similarity for image quality 

assessment”, proposed a structural distortion measurement 

method for image based on FR, which is different from 

traditional error sensitivity. The proposed method used 

multistate structural similarity index (MS-SSIM) algorithm, 

which correlate with human visual perception significantly.  

It provides us the visual information fidelity index (VIF) and 

explains video quality metric (VQM), which also use full 

reference v ideo to measure the v ideo quality. Some new 

algorithms based on SSIM to product different “structure” to 

estimate the video quality.  In “No-reference video quality 

monitoring for H.264/AVC coded video”, provides an 

estimate of the mean square error distortion at the macro block 

level without original content, during working at the receiver 

sider for H.264 codec and considering the action of error 

concealment techniques. The NR video quality assessment 

measure method based on coding quantization, packet loss and 

error probation and temporal effects of HVS.  

In “Toward a perceptual  video-quality metric” has 

proposed a two-stage objective quality model for MPEG-

coded video. After detection of several coding artifacts, a 

cognitive emulator was employed to simulate human h igh-

level processing of visual information. Th is technique is 

suitable for evaluating the temporal quality variations in long 

sequences. Based on the DCT transform, Watson developed a 

FR-VQA metric that incorporated human spatial, temporal, 

chromatic sensitivity, light adaptation, and contrast masking.  

In “Human visual system based objective digital video 

quality metrics” has developed a FR-VQA system based on a 

recursive orthogonal wavelet  transform. It took reference and 

distorted videos as input and applied deferent weights to 

deferent spatial frequencies according to the sensitivity of 

HVS. In “Video Quality Experts Group: Current results 

and future directions” has proposed a perceptual video 

quality measure (PVQM), in which three quality indicators 

(\edginess" of the luminance, normalized color error, and 

temporal de correlation) are linearly combined. This method 

aims to predict the degree of distortion generated by video 

coding systems. Tested by the video quality expert group 

(VQEG), it was recognized as the best-quality model at that 

time. In “Video quality assessment based on structural 

distortion measurement” has introduced an effective and 
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efficient FR-VQA approach based on the design philosophy of 

Structural Similarity (SSIM). The masking elects of HVS was 

integrated for weighted pooling in the spatial temporal domain. 

Based on the multi-channel properties of HVS. 

In “No-Reference Quality Assessment for Networked 

Video via Primary Analysis of Bit Stream”, generally 

describes the objective and subjective VQA method and 

emphatically introduces the subjective video database which 

made for wireless video applicat ions and included 160 

distorted videos.  From the above discussion to finalize first 

present a Full Reference technique for measuring the 

perceptual annoyance that results from temporal distortions. 

This technique is based on the fact that optical flow is able to 

capture the temporal on set and clearing of distortion (i.e, 

sudden changes in frame quality) very well. To hypothesize 

that visual annoyance is higher at such temporal locations and 

assign higher perceptual importance to them. This paper is 

organized as follows: Section 2 describes existing work. 

Section 3 presents the proposed work. Sect ion 4 discusses 

experimental results. Section 5 gives conclusions and future 

scope of the work. 

. 

II. EXISTING SYSTEM 

An Here mainly focus on full-reference video quality 

assessment (FRVQA) approach. The design of FR-VQA 

algorithms depends on how a video signal is interpreted. If it 

consider as a stack of still images, a natural approach is to 

apply still image quality assessment (IQA) algorithms on a 

frame-by-frame basis, followed  by pooling the frame level 

quality measures into a single quality score. However, this 

approach missed the temporal correlation between adjacent 

frames.  Specifically, it d isregards the motion informat ion, 

which is the most critical characteristic that distinguishes a 

video sequence from a stack of independent still image frames. 

As a result, advanced FR-VQA algorithms take into account 

the temporal correlation or motion information. This can be 

done by combining multichannel spatiotemporal filtering and 

spatiotemporal just noticeable difference (JND) models.  It 

can also be implemented by block-or optical flow-based 

motion estimation, followed by weighted pooling based on 

models of human visual motion perception. More 

sophisticated method combines both spatiotemporal filtering 

and motion estimat ion, and then incorporates both spatial and 

temporal d istortion measures  This is followed by a pooling 

stage that merges the quality map into an overall quality score. 

Recently, pooling has become an active research topic in 

IQA/VQA research. Most existing methods are based on the 

hypothesis that the regions that are more likely to attract 

visual attention should be assigned larger weights. The crit ical 

issue here is how visual attention is predicted, which may 

include a spectrum of approaches, ranging from saliency-

based low-level v ision models to motion detection and object 

tracking based high-level cognitive methods .In a number of 

different pooling strategies were compared in the context of 

IQA. It was found that the approaches that lead to the most 

significant performance gain are local in formation content and 

local distortion weighted pooling, which are based on the 

assumptions that the image regions that contain more 

informat ion (computed based on statistical image models) or 

more severe distortions are more likely to attract visual 

attention.  Moreover, these methods can be implemented with 

low computational cost, which is often an important factor in 

real world deployment of VQA techniques. In this research, 

we extend these pooling strategies to FR-VQA and find that 

they lead to consistent gain when tested using several 

independent video quality databases   

3.1 Structural Distortion Based Method 

Natural image signals are highly structured. By “structured 

signal”, we mean  that the samples of the signals have strong 

dependencies between each other, especially when they are 

close in space. However, the Murkowski error pooling 

formula used in the error-sensitivity based method is in the 

form of point wise signal differencing, which is independent 

of the signal structure. Furthermore, decomposing the signals 

using linear transformations still cannot remove the strong 

dependencies between the samples of the signals. Therefore, a 

significant amount of signal structural changes still cannot be 

captured with the Murkowski metric. An interesting recent 

trend is to design optimal transformation and masking models 

that can reduce both statistical and perceptual dependencies. 

However, these models significantly complicate the system. 

The motivation of our new approach is to find a more direct 

way to compare the structures of the reference and the 

distorted signals. A new philosophy in designing image and 

video quality metrics was introduced: The main function of 

the human visual system is to extract structural information 

from the viewing field, and the human visual system is highly 

adapted for this purpose.  Therefore, a  measurement of 

structural distortion should be a good approximat ion of 

perceived image d istortion. A major d ifference of the new 

philosophy from the error sensitivity based philosophy is that 

image degradations are considered as perceived structural 

informat ion loss instead of perceived errors. A motivat ing 

example is shown in  Fig. 3.1, where the original “Gold  hill” 

image is distorted with global contrast suppression, JPEG 

compression, and blurring. Here tuned all the d istorted images 

to yield  a similar MSE relative to the orig inal one. 

Interestingly, the distorted images exhib it drastically different 

visual qualities. This can be easily understood with the new 

philosophy by examin ing how the image structures are 

preserved in the distorted images.  In the JPEG compressed 

and blurred images, hardly  any detailed  structures of the 

original image can be observed. By contrast, almost all the 

image structures of the reference image are very well 

preserved in the contrast-suppressed image. In fact, the 

original informat ion can be nearly fully recovered via a simp le 

point wise inverse linear intensity transformat ion.  

Another important difference is that the new philosophy is a 

top down approach simulating the hypothesized functionality 

of the overall HVS, while the error-sensitivity based 

philosophy uses a bottom-up approach  simulat ing the 

function of each relevant component in the HVS and combine 

them together. It needs to be mentioned that the new 

philosophy does not intend to solve the problems of the error-

sensitivity based paradigm (e.g., the “supra threshold” 

problem and the “natural image complexity” problem 

mentioned above). Instead, we consider it  more as an 

alternative to avoid the problems (though might not be 

completely). For example, it suggests not to predict image 

quality by accumulating simple pattern differences, thus 

somehow avoids the “natural image complexity” problem. 

Also, since the quantization of perceived distortions does not 

rely on threshold psychophysics, the “super threshold” 

problem is avoided.  The Structural Similarity (SSIM) Index 

there may be d ifferent implementations of the new philosophy, 

depending on how the concepts of “structural information” 

and “structural distortion” are interpreted and quantified. Here, 

from an image format ion point of view, we consider the 

“structural informat ion” in  an image as those attributes that 

reflect the structure of the objects in the scene, which is 

independent of the average luminance and contrast of the 

image. This leads to an image quality assessment approach 
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that separates the measurement  of lu minance, contrast and 

structural distortions.  A simple image similarity indexing 

algorithm was proposed. Let x and y be two non-negative 

signals that have been aligned with each other (e.g., two image 

patches extracted from the same spatial location from two 

images being compared, respectively), and let ¹x, ¹y, ¾2 x , 

¾2 y and ¾xy be the mean of x, the mean of y, the variance of 

x, the variance of y, and the covariance of x and y, 

respectively. Here the mean and the standard deviation (square 

root of the variance) of a signal are roughly considered as 

estimates of the luminance and the contrast of the signal. The 

covariance (normalized by the variance) can be thought of as a 

measurement of how much one signal is changed nonlinearly 

to the other signal being compared. 

 The SSIM indexing algorithm is applied for quality 

assessment of still images using a sliding window approach. 

The window size is fixed  to be 8£8 in this paper. The SSIM 

indices are calcu lated within the sliding window, which moves 

pixel-by pixel from the top-left to the bottom-right corner of 

the image. This results in a SSIM index map of the image, 

which is also considered as the quality map of the distorted 

image being evaluated. The overall quality value is defined as 

the average of the quality map, or , equivalently, the mean 

SSIM (MSSIM) index. A Mat lab implementation of the 

SSIM index algorithm is available online 

 

III.PROPOS ED SYS TEM 

A large fract ion of VQA algorithms (and quality assessment 

algorithms in general) have been inspired by the properties of 

the HVS. The HVS consists of the eye, the optic nerve, optic 

chiasm, tract and the visual cortex. The responses of the 

neurons in the area 18 of the visual cortex are shown to be 

almost separable in the spatial and temporal fields.  This 

motivated us to propose a three-stage approach, where the 

spatial and temporal features are computed individually and 

later pooled to obtain a single quality score for the entire video. 

Temporal features are ext racted from the optical flow. The 

temporal feature computation stage is based on the property 

that the spatially proximate flows are highly correlated and 

temporally p roximate flows have strong dependencies.  The 

optical flow is computed for the entire video sequence on a 

frame-by-frame basis. The flow is computed for the reference 

and distorted videos and the features are extracted from the 

flow in formation.  

 

 

 
 

Fig 3.1 :  Proposed Architecture 

 

This algorithm is flexible enough to allow any robust full 

reference image quality (IQA) assessment algorithm for 

spatial quality assessment. Here chose the MS-SSIM index as 

a representative for the class of robust FR-IQA algorithms. 

The MS-SSIM index is used to compute the spatial score on  a 

frame-by-frame basis. The temporal and spatial features are 

pooled using a perceptual importance classification strategy 

that is inspired by our previous work. Fig. 3.1 shows the block 

diagram of the proposed approach and each stage of the 

algorithm is described in the following subsections. 

3.1 Temporal Feature Extraction 

Motion trajectory is among the most salient features of a video. 

The optical flow gives the motion/flow informat ion in its 

finest resolution. Flow-based methods have been very 

successful in assessing temporal video quality. Natural images 

(and video frames) are shown to exhib it strong local 

correlation which is inherited by the optical flow frames. 

Therefore, local flow statistics can be used to estimate the 

naturalness of a video. 

 

3.2 Spatial Quality Assessment 

As mentioned previously, any robust FR-IQA algorithm can 

be used for spatial quality assessment. We chose to work with 

the MS-SSIM index in our reference implementation. The 

MS-SSIM index is an extension of the single scale SSIM 

index that measures image similarity at multiple spatial scales. 

The primary motivation fo r this extension was to handle 

image details at d ifferent resolutions. It computes contrast and 

structural similarity at all spatial scales and luminance 

similarity only at the coarsest spatial resolution. 

The overall score is computed by a product of the scores at 

each spatial scale that are raised to an exponent. The 

exponents at each scale are used to assign different levels of 

importance to different scales. 

 

3.3 Pooling  

While the features mentioned in  the previous section capture 

the changes in the local flow statistics, the effectiveness of a 

good FR-VQA metric lies in its ability to temporally localize 

the distortions. Distortions that occur in bursts or that affect 

frame rate have proven to be challenging for VQA algorithms. 

For instance, if a small percentage of frames in a video are of 

low quality  and the majority of them are of very  good quality, 

according to visual psychophysics the observer gives a low 

quality rating to the video.  To overcome such issues, 

temporally adaptive thresholds are chosen such as to 

distinguish between perceptually visible and invisib le 

distortion. Further, a non-linear pooling strategy is also 

suggested. The issue of variab le frame rate or frame delay was 

clearly identified  and addressed first in  their solution to the 

variable frame delay issue. Motion is one of the most 

important types of information contained in natural video. It 

plays a very important ro le in human perception of moving 

image sequences. While video signals do suffer from spatial 

distortions, they are often degraded by severe temporal 

artifacts such as ghosting, motion compensation mis match, 

jitter, smearing, and mosquito noise. It is very sensitive to 

motion in formation. To propose a pooling strategy to handle 

these issues effectively. We first present a method to classify 

frames according to their temporal importance. Each frame is 

then assigned a temporal quality score in a non-linear fashion 

based on its temporal importance (or its class). The spatial 

score for each frame is computed next using a robust FR-IQA 

algorithm and pooled with the temporal score in a 

multip licat ive fashion. Objective quality metrics are 

algorithms designed to characterize the quality of v ideo and 
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predict viewer MOS. Different types of objective metrics exist. 

For the analysis of decoded video, it can distinguish data 

metrics, which measure the fidelity of the signal without 

considering its content, and picture metrics, which  treat the 

video data as the visual information that it  contains. For 

compressed video delivery over packet networks, there are 

also packet- or bit stream-based metrics, which look at the 

packet header information and the encoded bit stream directly 

without fully decoding the video. Furthermore, metrics can be 

classified into full-reference, no reference and reduced-

reference metrics based on the amount of reference 

informat ion they require. These classifications are d iscussed 

next. 

 

3.4 Data Metrics 

The image and video processing community has long been 

using mean squared error (MSE) and peak signal-to-noise 

ratio (PSNR) as fidelity metrics (mathematically, PSNR is just 

a logarithmic representation of MSE). There are a number of 

reasons for the popularity of these two metrics. The fo rmulas 

for computing them are as simple to understand and 

implement as they are easy and fast to compute. Minimizing 

MSE is also very well understood from a mathematical point 

of view. Over the years, video researchers have developed a 

familiarity with PSNR that allows them to interpret the values 

immediately. There is probably no other metric as widely 

recognized as PSNR, which  is also due to the lack of 

alternative standards. Despite its popularity, PSNR only  has 

an approximate relat ionship with the video quality perceived 

by human observers, simply because it is based on a byte-by-

byte comparison of the data without considering what they 

actually represent. PSNR is completely ignorant to things as 

basic as pixels and their spatial relationship, or things as 

complex as the interpretation of images and image d ifferences 

by the human visual system.  

Both images have the same PSNR, yet their perceived quality 

is very different it  is hard .There are two  main reasons for this 

discrepancy, both of which are closely linked to the way the 

human visual system processes information: Data metrics are 

distortion-agnostic. Distortions may  be more or less apparent 

to the viewer depending on their type and properties. The 

human visual system is not sensitive to the high-frequency 

noise inserted into the left  image. The noise in the r ight image 

is a well localized, lower-frequency noise, whose pattern is 

much more apparent. Data metrics are content agnostic. 

Viewer perception varies based on the part of the image or 

video where the distortion occurs. The noise in the left image 

is contained almost exclusively in  the bottom region of the 

image, where we already have a lot  of image activity from the 

content itself (edges, texture from the rocks and sea).  

Conventional video quality metric examines mismatches 

between original and distorted video pixel by pixel, and 

estimates the artifacts caused by motion distortion such as 

blackness, blur, and mosaic. In order to give a proper 

judgment on v ideos suffering from d istortion caused by the 

compression process, it is necessary to analyze the techniques 

used in video compression algorithms which could influence 

the quality of the compressed videos. Video compression 

consists of blocks like motion compensation, motion 

estimation, quantization and entropy coding.  

Quantizat ion causes major amount of distortion in the video. 

Quantizat ion causes several spatial and temporal distortions 

like blurring and ringing effects. Motion also has an important 

role in human perception. To  estimate the video quality the 

temple characteristics of the video are reflected by the motion 

vectors and the motion estimat ion. Bit rate control scheme is 

used to allocate limited bit streams the region of interest (ROI) 

of human observer.  Th is is to increase the video quality. 

Hence, the quantization parameter, the motion and the bit 

allocation are key parameters that are to be used to calculate 

the quality of v ideo in compressed domain  (C-VQA). The 

image activ ity masks the distortion in this reg ion. The noise in 

the right image is contained in a region devoid of content 

activity (the smooth sky). Because little masking is present 

there, distortions stand out immediately.1 Using MSE and 

various modifications as a basis, a number of addit ional data 

metrics have been proposed and evaluated. Although some of 

these metrics can predict subjective ratings quite successfully 

for a given compression technique, distortion type or scene 

content, they are not reliable for evaluations across techniques. 

MSE was found to be an accurate metric fo r additive noise, 

but it is outperformed by vision-based quality metrics for 

coding artifacts. The network quality of service (QoS) 

community has equally  simple metrics to quantify 

transmission errors, such as bit error rate (BER) or packet  loss 

rate (PLR). Again, these are relevant for data links, where 

every bit and packet is equally important, but not for video 

delivery. The reasons for their popularity are similar to those 

given for PSNR above. Problems arise when relat ing these 

measures to perceived quality; they were designed to 

characterize data fidelity, but again they do not take into 

account the content, i.e. the meaning and thus the visual 

importance of the packets and bits concerned. The same 

number of lost packets can have drastically different effects on 

the video content, depending on which parts of the bit stream 

are affected. 

 

3.5 Picture Metrics 

Due to the problems with simple data metrics outlined above, 

much effort has been spent on designing better visual quality 

metrics that specifically account for the effects of distortions 

and content on perceived quality. The vision modeling 

approach, as the name implies, is based on modeling various 

components of the human visual system (HVS). HVS-based 

metrics try to incorporate aspects of human vision deemed 

relevant to picture quality, such as color perception, contrast 

sensitivity and pattern masking, using models and data from 

psychophysical experiments. 

 

3.6 Bit stream Analysis 

MQUANT (the quantize scale on a macro block basis in an 

MPEG-2 v ideo stream) provides a first approximat ion of how 

video compression affects video quality. MQUANT was 

shown to exhib it an approximately  linear relationship to 

quality for MPEG-2 clips. We account for spatial and 

temporal image coding complexity and the impact of packet 

loss on the spatial and temporal content at the coding layer. 

Video quality without any network impairments is influenced 

by video coding layer (VCL) complexity. The VCL 

complexity  is modeled using quantizer values, motion vector 

informat ion and intra/inter predicted frame/slice ratios. 

 

3.7 Network Losses 

Losses can occur either due to IP packet loss in the network, 

or due to de-jitter buffer under-/over-flow. In parallel to the 

VCL analysis described above, the content of each packet is 

inspected in order to determine if the packet contains part of a 

reference frame or slice, or a pred icted frame, slice o r macro 

block. This analysis is again codec-specific and produces a 

first statistical model of the distribution of I, B, and P (or SI 

and SP) frames/slices/macro b locks. Using counters from the 

complexity  analysis, a second statistical model of the 
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distribution of the quantised values is produced that leads to a 

combined model of the bandwidth and bandwidth variation for 

a video stream. Furthermore, inter/intra macroblocks and 

motion vectors are analyzed; if high motion loss is detected, 

the loss factor is updated accordingly. By tracking the inserted 

time stamps (depending on the encapsulation such as MPEG-2 

Transport Stream or RTP) as well as the time stamp carried by 

some packets, and co mparing  the difference with a de-jitter 

buffer, we can produce a jitter model that is used to assess the 

packet loss probability due to high jitter. The system then 

assesses whether the computed loss probability will affect a 

reference or non-reference frame/slice  

 

3.8 Encryption 

When the video stream is encrypted, as is often the case in 

commercial v ideo distribution networks, the VCL Raw Byte 

Sequence Packet (RBSP) segments are not decodable. This 

imposes a severe limitation on computing video quality, bo th 

for traditional metrics and for hybrid metrics, as the impact of 

losses and loss propagation at the VCL layer cannot be 

measured direct ly. 

A possible solution to this problem is to perform monitoring 

before encryption (e.g. at the video head-end) as well as 

downstream where the video is encrypted. Video timing 

informat ion is obtained either from the Program Clock 

Reference (PCR) or the Presentation/Decode Time Stamps 

(PTS/DTS) from both the head-end and downstream locations; 

alternatively, GPS/NTP time s tamping for correlating head-

end and downstream informat ion can be used. This timing 

informat ion along with VCL information from before 

encryption and loss event/distribution information from 

downstream can be used in a reduced-reference manner for 

correlating  the effects of IP packet loss on the quality of the 

video content even in an encrypted environment. 

 

IV. SIMULATION AND RES ULTS 

Our results clearly demonstrate that a carefully constructed 

database of videos can expose the significant limitations  of 

PSNR as a VQA measure.All the perceptual VQA algorithms 

tested in our study improve upon PSNR. The MS-SSIM index 

improves upon the Frame SSIM index. The Speed SSIM index 

utilizes the Frame SSIM index to compute local quality  

estimates and uses models of visual speed perception to 

weight these local estimates and pool them into an overall 

quality estimate for the video. Speed SSIM improves over the 

Frame SSIM index, although it does not perform as well as the 

MS-SSIM index. 

 

 
   Fig 4.1Tested Frame  

 
 

Fig 4.2Scatter p lot features, Mean and standard deviation 

 

V. CONCLUS ION 

The Full Reference VQA algorithm is designed aiming to 

solve the problem of video quality assessment in perceptual 

quality and summarized the main standardization activ ities, 

such as local flow statistics using the mean, the standard 

deviation, the coefficient of variat ion (CV), and the minimum 

eigenvalue (min) of the local flow patches. This novel method 

to calculate the order number of the reference video in 

receiving end by adding special mark in Marco b locks. The 

method had been used in video conference system VQA and 

web stream VQA to solve which frame can  be used as the 

reference in Fu ll Reference model. Analysis and implemented 

the local flow statistics and their dispersion form good 

features for assessing temporal quality. Additionally results 

using the MS-SSIM index as a representative for robust FR-

IQA algorithms for measuring spatial distortions. The 

experimental results show that in comparison to before and 

after steganography, this metric g ives higher accuracy, and 

less computation cost. In future, it can plan  to exp lore features 

that are based on more sophisticated models of optical flow 

statistics 

. 
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