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Study of Subjective and Objective Quality

Assessment of Video

I. I NTRODUCTION

Digital videos are increasingly �nding their way into the day-to-day lives of people via the explosion

of video applications such as digital television, digital cinema, Internet videos, video teleconferencing,

video sharing services such as Youtube, Video On Demand (VoD), home videos and so on. Digital videos

typically pass through several processing stages before they reach the end user of the video sequence,

who is a human observer in a large number of applications. The effect of most processing stages is to

degrade the quality of the video that passes through it, although certain processing stages (for example, in

consumer devices) attempt to improve the quality of the video that passes through it. Methods to evaluate

the quality of a video sequence as seen by a human observer play a critical role in quality monitoring to

maintain Quality of Service (QoS) requirements; performanceevaluation of video acquisition and display

devices; evaluation of video processing systems for compression, enhancement, error concealment and

so on; and �nally, perceptually optimal design of video processing systems.

The only reliable method to assess the video quality perceived by a human observer is to ask human

subjects for their opinion, which is termed subjective quality assessment (QA). Subjective QA is imprac-

tical for most applications due to the human involvement in the process. However, subjective QA studies

provide valuable data to assess the performance ofobjectiveor automatic methods of quality assessment.

In addition to providing the means to evaluate the performance of state-of-the-art video QA technologies,

subjective studies also contribute toward improving the performance of QA methods to reach the ultimate

goal of matching human perception.

In this paper, we �rst present a study that we conducted to assess the subjective quality of videos. Our

study included 10 raw naturalistic reference videos and 150distorted videos obtained from the references

using four different real world distortion types. Each videowas assessed by 38 human subjects in a

single stimulus study with hidden reference removal, wherethe subjects scored the video quality on a

continuous quality scale. This study and the resulting videodatabase presented here, which we call the

Laboratory for Image and Video Engineering (LIVE) Video QualityDatabase, supplements the popular

and widely used LIVE Image Quality Database for still images [1]. We then present an evaluation of the

performance of leading, publicly available objective video QA algorithms on our database.
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Currently, to the best of our knowledge, the only publicly available subjective data that is widely

used in the video QA community comes from the study conductedby the Video Quality Experts Group

(VQEG) as part of its FR-TV Phase I project in 2000 [2]. There have been signi�cant advances in video

processing technology since 2000, most notably the development of the H.264/MPEG-4 AVC compression

standard that has been adopted widely. The test videos in the VQEG study are not representative of

present generation encoders and communication systems. TheLIVE video quality database includes

videos distorted by H.264 compression, as well as videos resulting from the transmission of H.264

packetized streams through error prone communication channels. The VQEG study targeted secondary

distribution of television and most of the videos in the VQEG study are interlaced, leading to visual

artifacts in the reference as well as distorted videos due tointerlacing. Objective QA algorithms typically

involve multiple processing steps which require adjustment to handle interlaced signals. De-interlacing

causes visual artifacts associated with the particular algorithm being used, which is unacceptable in a QA

framework. Additionally, interlaced videos are not representative of current trends in the video industry

such as multimedia applications, video viewing on computermonitors, progressive High De�nition

Television (HDTV) standards and so on. The videos in the LIVE Video QA Database are all captured

in progressive scan formats, allowing researchers to focuson developing algorithms for QA. Also, the

VQEG database was designed to address the needs of secondary distribution of television and hence,

the database spans a narrow range of quality scores - more than half of the sequences are of very high

quality (MPEG-2 encoded at> 3Mbps). The LIVE database spans a much wider range of quality - the

low quality videos in our database were designed to be of similar quality as videos typical of streaming

video applications on the Internet (Youtube, live streaming of low bandwidth videos).

Although the VQEG has several other completed and ongoing projects, the video sequences from none

of the subsequent studies have been made public [3]. The videos in our study represent a wide variety

of video content and distortion types that are representative of present generation video processing and

communication systems. The videos in the LIVE database have been designed speci�cally with the intent

of challenging objective video QA models. We have also made the results of our study and the video

database publicly available to facilitate comparative evaluation of newer objective models and to advance

the state-of-the-art in perceptual quality evaluation systems.
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II. D ETAILS OF SUBJECTIVE STUDY

A. Source Sequences

We used ten raw, naturalistic source videos obtained from the Technical University of Munich [4]

and the videos are available for download from [5]. All the videos in this database were captured in

a raw, uncompressed format, which was essential for us sincethis guarantees that the reference videos

are distortion free. We only used the progressively scannedvideos in this database, to avoid problems

associated with video de-interlacing. The videos in the database were captured in High De�nition (HD)

format. However, due to resource limitations in displayingthese videos, we downsampled all videos to a

resolution of 768X432 pixels. We chose this resolution to ensure that the aspect ratio of the HD videos

are maintained, thus minimizing visual distortions. Additionally, our chosen resolution ensures that the

number of rows and columns are multiples of 16, which is oftenrequired by compression systems such

as MPEG-2. We downsampled each video frame by frame using the “imresize” function in Matlab using

bicubic interpolation to minimize distortions due to aliasing.

Figure 1 shows one frame of each reference video in the LIVE video quality database, that is

progressively scanned and has a spatial resolution of 768x432 pixels. All videos, except blue sky, were

10 seconds long. The original blue sky sequence contained only 217 frames and is hence of duration

8.68 seconds. The �rst seven sequences have a frame rate of 25 frames per second, while the remaining

three (Park run, Shields and Mobile & Calendar) have a frame rate of 50 frames per second. A short

description of these videos is provided below.

² Blue Sky- Circular camera motion showing a blue sky and some trees

² River Bed- Still camera, shows a river bed containing some pebbles and water

² Pedestrian area- Still camera, shows some people walking about in a street intersection

² Tractor - Camera pan, shows a tractor moving across some �elds

² Sun�ower - Still camera, shows a bee moving over a sun�ower in close-up

² Rush hour- Still camera, shows rush hour traf�c on a street

² Station- Still camera, shows a railway track, a train and some people walking across the track

² Park run - Camera pan, a person running across a park

² Shields- Camera pans at �rst, goes still and then zooms in; shows a person walking across a display

pointing at it

² Mobile & Calendar - Camera pan, the famous toy train moving across with a calendar moving

vertically in the background
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

(i) (j)

Fig. 1. Figure shows one frame from each of the ten reference video sequences used in the study.
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B. Test Sequences

We created 15 test sequences from each of the reference sequences using four different distortion

processes. The goal of our study was to develop a database of videos that will challenge automatic VQA

algorithms. We includeddiversedistortion types to test the ability of objective models to predict visual

quality consistently across distortions. Compression systems such as MPEG-2 and H.264 produce fairly

uniform distortions/quality in the video, both spatially and temporally. Netwo rk losses, however, cause

transientdistortions in the video, both spatially and temporally. Figures 2, 3 and 4 shows one frame of

the riverbed sequence from each of the four distortion typesin the LIVE database. It is clear that the

visual appearance of distortion is very different in each ofthese videos. MPEG-2 and H.264 compressed

videos exhibit typical compression artifacts such as blocking, blur, ringing and motion compensation

mismatches around object edges. Notice, however, the difference in the distortions created by the MPEG-

2 and H.264 compression systems such as reduced blockiness in the H.264 compressed frame in Figure

3. Videos obtained from lossy transmission through wireless networks exhibit errors that are restricted to

small regions of a frame. Videos obtained from lossy transmission through IP networks exhibit errors in

larger regions of the frame. Errors in wireless and IP networks are alsotemporally transientand appear

as glitches in the video. The LIVE database is unique in this respect, since the VQEG Phase I database

does not include such spatio-temporally localized distortion types.

The distortion strengths were adjusted manually so that the videos obtained from each source and each

distortion category spanned the same range of visual quality. In other words, the videos were designed

to span a set of contours of equal visual quality. This is illustrated in Figure 5. The distorted videos

from each reference and each distortion type were chosen to lie along the visual quality contours that

have been labeled “Excellent”, “Fair” and “Poor” in Figure 5. Thelabels are simply used for illustration

purposes and don't have any special signi�cance. Additionally, distorted videos from the four distortion

categories were chosen to lie along these same contours of visual quality. In other words, videos of

“Excellent” quality were picked from each of the four distortion types (MPEG-2, H.264, Wireless and

IP) and similary for “Poor”, “Fair” and so on. Finally, Figure 5 only shows the distorted videos obtained

from a single reference video. Distorted videos fromdifferent reference videoswere also chosen to lie

along the same contours of visual quality. Our design of the distorted videos tests the ability of objective

VQA models to predict visual quality consistently across varying content and distortion types. We believe

that adjusting distortion strengths perceptually, as we have done here, is far more effective in challenging

objective VQA models than, for instance, �xing the compression rates across sequences as is done in
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most studies including the VQEG FR-TV Phase I study [2].

1) MPEG-2 compression:The MPEG-2 standard is used in a wide variety of video applications, most

notably DVD's and digital television broadcast. We included this distortion type due to its widespread use

today. There are four MPEG-2 compressed videos corresponding to each reference in our database. We

used the MPEG-2 reference software available from the International Organization for Standardization

(ISO) to compress the videos [6].

The bit rate required to compress videos for a speci�ed visual quality varies dramatically depending on

the content. We selected four compressed MPEG-2 videos for each reference video by viewing compressed

videos generated using a wide variety of bit rates and selecting a subset that spanned the desired range

of visual quality. The “best” video was chosen to be quite close to the reference in visual quality. The

“worst” video was chosen to be of poor quality. However, we took care to avoid very low bit rates

resulting in videos that are obliterated by MPEG blocking artifacts. The compression rates vary from 700

Kbps to 4 Mbps depending on the reference sequence and further details are provided with the database

[7].

2) H.264 compression:H.264 is rapidly gaining popularity due to its superior compression ef�ciency

as compared to MPEG-2. There are four H.264 compressed videos corresponding to each reference in

our database. We used the JM reference software (Version 12.3) made available by the Joint Video Team

(JVT) [8].

The procedure for selecting the videos was the same as that used to select MPEG-2 compressed videos.

Additionally, we ensured that the “best” MPEG-2 and H.264 videos were of similar visual quality and

similar considerations applied for the other three pairs. The compression rates vary from 200 Kbps to

5 Mbps. We observed the superior performance of H.264 over MPEG-2 and the bit rates used for the

“best” and “worst” H.264 videos were lower than their corresponding MPEG-2 counterparts.

3) Transmission over IP Networks:Videos are often transmitted over IP networks in applications such

as video telephony and conferencing, IP based streaming andVideo on Demand. There are three “IP”

videos corresponding to each reference in our database, that were created by simulating IP losses on an

H.264 compressed video stream created using [8].

An in-depth study of the transport of H.264 video over IP networks can be found in [9] and many

of our design considerations in the video communication system was based on this study. IP networks

offer best effort service and packet losses occur primarilydue to buffer over�ow at intermediate nodes

in a network and congestion. The video sequences subjected toerrors in the IP environment contained

between one and four slices per frame; we only used these two options since they result in packet sizes
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(a)

(b)

Fig. 2. (a) Frame of the reference “riverbed” sequence in the LIVEdatabase (b) Frame from one of the MPEG-2 compressed

test video
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(a)

(b)

Fig. 3. (a) Frame from one of the H.264 compressed test video (b) Frame from test video distorted in a simulated IP network
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(a)

Fig. 4. (a) Frame from test video distorted in a simulated wireless network

that are typical in IP networks. Using one slice per frame hasthe advantage of reducing overhead due to

IP headers at the expense of robustness [9]. Using four slices per frame increases robustness to errors,

since it is highly unlikely that all slices of a coded pictureare lost, at the expense of reducing compression

ef�ciency.

Four IP error pattern supplied by the Video Coding Experts Group (VCEG), with loss rates of 3%,

5%, 10% and 20%, were used [10]. The error patterns were obtained by real-world experiments and are

recommended by the VCEG to simulate the Internet backbone performance for video coding experiments.

We created test videos by dropping packets speci�ed in the error pattern from an H.264 compressed

packetized video stream. To enable decoding, we did not dropthe �rst packet (containing the Instantaneous

Data Refresh (IDR)) and the last packet (since the loss of this packet cannot be detected by the decoder).

This is equivalent to assuming that these packets were transmitted reliably out of band. The resulting

H.264 bitstream was then decoded using [8] and the losses were concealed using the built-in error

concealment mechanism (mode 2 - motion copy) [11].

The procedure for selecting the videos was the same as MPEG-2 compression. However, in this

situation, we also paid attention to the type of observed artifact. This is because the observed distortions

are different depending on 2 factors
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MPEG-2
H.264
IP
Wireless

Fair

Poor

Excellent

Fig. 5. Figure illustrates the selection of distorted videos in the study for one reference video. Three distorted H.264 compressed

videos are shown as red circles along contours of equal visual quality that are labeled “Excellent”, “Fair” and “Poor”. These

labels are arbitrary and simply for illustrative purposes. Further, the visual quality of videos from all four distortion types are

matched to lie along the same iso-quality contours. This �gure only shows thedistorted videos obtained from one reference.

Visual quality is also matchedacross reference videosso that all “Excellent” source videos possess similar visual quality and

so on.

² Whether an Intra-coded frame (I frame) or Predicted frame (P frame) is lost - I frame losses result

in much more severe and sustained distortions in the video.

² Whether each frame is transmitted in 1 packet or 4 packets - Loss of an entire frame when transmitted

as a single slice results in much more signi�cant distortions, than when the frame is transmitted

using 4 slices.

We attempted to pick videos that suffer from different typesof observed artifacts, in addition to the

consideration that the videos span a desired range of quality as before.
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4) Transmission over wireless networks:Video transmission for mobile terminals is envisioned to be

a major application in 3G systems and the superior compression ef�ciency and error resilience of H.264

makes it ideal for use in harsh wireless transmission environments [12]. There are 4 “wireless” videos

corresponding to each reference in our database, that were created by simulating losses sustained by an

H.264 compressed video stream created using [8] in a wireless environment.

An in-depth study of the transport of H.264 video over wireless networks can be found in [12] and many

of our design considerations for the wireless simulations was based on this study. A packet transmitted

over a wireless channel is susceptible to bit errors due to attenuation, shadowing, fading and multi-user

interference in wireless channels. We assume that a packet is lost even if it contains a single bit error, an

assumption that is often made in practice [12]. Due to this assumption, a longer packet is more likely to

be lost and we used multiple slices to encode every frame resulting in short packet sizes. We encoded the

video stream such that each packet contains roughly the samenumber of bytes (approximately 200 bytes

per packet), making their susceptibility to bit errors almost identical. We simulated errors in wireless

environments using bit error patterns and software available from the VCEG [13]. The decoding and

error concealment techniques are the same for both wirelessand IP simulations.

Observed artifacts in the wireless environment depended onthe following factors:

² Whether an I or P frame packet is lost

² Flexible Macroblock Ordering (FMO) - We used both regular and dispersed modes of FMO in our

simulations [12]. In dispersed mode, we used four packet groups formed by sub-sampling the frame

by 2 along both rows and columns.

Again, we selected videos that suffer from different types of observed artifacts and spanned the desired

range of quality. Due to the smaller packet sizes in wirelesssimulations, the observed artifacts were

localized spatio-temporally and appeared different from the artifacts observed in the IP simulations. We

used these two different simulation environments to test the ability of objective models to quantify the

perceived annoyance of diverse network artifacts.

C. Subjective Testing Design

We adopted a single stimulus continuous procedure to obtainsubjective quality ratings for the different

video sequences. The choice of a single stimulus paradigm is more suited for a large number of

emerging multimedia applications such as quality monitoring for Video on Demand, internet streaming

etc. Additionally, it signi�cantly reduces the amount of time needed to conduct the study for the same

number of viewers per sequence, as compared to a double stimulus study. The subjects indicated the
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quality of the video on a continuous scale. The continuous scale allows the subject to indicate �ne

gradations in visual quality. We believe this is superior tothe ITU-R Absolute Category Scale (ACR)

that uses a 5-category quality judgment which is used in recent VQEG studies [3]. The subject also viewed

each of the reference videos to facilitate computation of Difference Mean Opinion Scores (DMOS), a

procedure known as hidden reference removal [14], [15].

All the videos in our study were viewed by each subject, whichrequired one hour of the subject's

time. To minimize the effects of viewer fatigue, we conducted the study in two sessions of a half hour

each, where each subject viewed half the videos.

We prepared playlists for each subject by arranging the 150 test videos in a random order using a

random number generator. We did not want the subjects to viewsuccessive presentations of test videos

that were obtained from the same reference sequence, to avoid contextual and memory effects in their

judgment of quality. Once a playlist was constructed, our program would go over the entire playlist to

determine if adjacent sequences corresponded to the same content. If any such pairs were detected, one

of the videos was swapped with another randomly chosen videoin the playlist which did not suffer from

the same problem. This list was then split into two halves for the two sessions.

We wanted to ensure that any differences in the use of the quality judgment scale by the subject

between sessions did not affect the results of the study. Forinstance, a subject may be more critical

of the visual quality of a video in one session and more forgiving in the other. To avoid this problem,

we included each reference video in both sessions in the hidden reference removal process. We inserted

each of the ten reference videos to the playlists for each session randomly, again ensuring that successive

playback of the same content did not occur. The DMOS scores were then computed for each videoper

sessionusing the quality score assisgned to the reference video in that session, as described in Section

III.

D. Subjective Testing Display

We developed the user interface for the study on a Windows PC using MATLAB, in conjunction with

the XGL toolbox for MATLAB developed at the University of Texasat Austin [16]. The XGL toolbox

allows precise presentation of psychophysical stimuli to human observers. It is extremely important to

avoid any errors in displaying the video such as latencies orframe drops. This can signi�cantly affect

the results of the study since the subject's quality perception is affected not by the video itself, but

by the display issues. To ensure perfect playback, all distorted sequences were processed and stored as

raw YUV 4:2:0 �les. An entire video was loaded into memory before its presentation began to avoid
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any latencies due to slow hard disk access of large video �les.The videos were then played out at the

appropriate frame rate for the subject to view. The XGL toolbox interfaces with the ATI Radeon X600

graphics card in the PC and utilizes its ability to play out theYUV videos. The videos were viewed by

the subjects on a Cathode Ray Tube (CRT) monitor to avoid the effects of motion blur and low refresh

rates on Liquid Crystal Display (LCD) monitors. The entire study was conducted using the same monitor

and we calibrated the CRT monitor using the Monaco Optix XR Prodevice. The XGL toolbox avoids

visual artifacts by synchronizing the display so that the switching between adjacent frames of the video

occur during the retrace of the CRT scan. Since the videos had apretty low frame rate (25 and 50 Hz),

we set the monitor resolution to 100 Hz to avoid artifacts dueto monitor �icker. Each frame of the 50

Hz videos was displayed for 2 monitor refresh cycles and eachframe of the 25 Hz videos was displayed

for 4 monitor refresh cycles.

The screen was set at a resolution of 1024£ 768 pixels and the videos were displayed at their native

resolution to prevent any distortions due to scaling operations performed by software or hardware. The

remaining areas of the display were black. At the end of the presentation of the video, a continuous scale

for video quality was displayed on the screen, with a cursor set at the center of the quality scale to avoid

biasing the subject's quality percept. The quality scale had�ve labels marked on it to help the subject.

The left end of the scale was marked “Bad” and the right end was marked “Excellent”. Three equally

spaced labels between these were marked “Poor”, “Fair” and “Good”, similar to the ITU-R ACR scale.

Screenshots from the subjective study interface are shown inFigure 6. The subject could move the cursor

along the scale by moving a mouse. The subject was asked to press a key to enter their quality score

after moving the cursor to a point on the scale that corresponded to their quality percept. The subject

was allowed to take as much time as they needed to enter their score. However, they could not change

the score once they had entered it or view the video again. Once the score was entered, the next video

was displayed.

E. Subjects and Training

All subjects taking part in the study were recruited from theundergraduate Digital Image and Video

Processing class (Fall, 2007) at the University of Texas at Austin. The subject pool consisted of mostly

male students. The subjects were not tested for vision problems. Each video was ranked by 38 subjects.

Each subject was individually briefed about the goal of the experiment. Each subject viewed a short

training session before starting the experiment. The subjects viewed 6 videos in their �rst session of

participation and 3 videos in their second session and were asked to provide quality scores for these
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(a)

(b)

Fig. 6. (a) Screenshot from the subjective study interface displaying the video to the subject. (b) Screenshot from the subjective

study interface that prompts the subject to enter a quality score for the video they completed viewing.

videos also to familiarize themselves with the testing procedure. The training videos were not part of the

database and contained different content. The training videos were of 10 seconds duration and were also

impaired by the same distortions as the test videos. We selected the training videos to span the same

range of quality as the test videos to give the subject an ideaof the quality of videos they would be

viewing in the study and enable suitable use of the quality scale by the subject.

February 9, 2009 DRAFT



IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. ?,NO. ?,2007 15

III. PROCESSING OFSUBJECTIVE SCORES

Let sijk denote the score assigned by subjecti to videoj in sessionk = f 1; 2g. First, difference scores

dijk are computed per session by subtracting the quality assigned by the subject to a video from the quality

assigned by the same subject to the corresponding referencevideo in the same session. Computation of

difference scores per sessions helps account for any variability in the use of the quality scale by the

subject between sessions.

dijk = sijk ¡ sij refk (1)

The difference scores for the reference videos are 0 in both sessions and are removed. The difference

scoresper sessionare then converted to Z-scoresper session[17]:

¹ ik =
1

N ik

N ikX

j =1

dijk (2)

¾ik =

vu
u
u
t

1
N ik ¡ 1

N ikX

j =1

(dijk ¡ ¹ ik )2 (3)

zijk =
dijk ¡ ¹ ik

¾ik
(4)

where N ik is the number of test videos seen by subjecti in sessionk. Again, note that Z-scores are

computed per session to account for any differences in the use of the quality scale (differences in the

location and range of values used by the subject) between sessions.

Every subject sees each test video in the database exactly once, either in the �rst session or in the

second session. The Z-scores from both sessions are then combined to create a matrixf zij g of Z-scores,

corresponding to the Z-score assigned by subjecti to video j . Therefore,j = f 1; 2; : : : ; N g indexes over

N = 150 test videos in the LIVE database.

A subject rejection routine is then run on the Z-scores. The procedure speci�ed for subject rejection

in the ITU-R BT 500.11 recommendation for the double stimulusimpairment scale method is used to

discard scores from unreliable subjects [18]. In our study,9 out of the 38 subjects were rejected at this

stage. The Z-scores were then linearly rescaled to lie in the range of [0; 100]. We found that all the

Z-scores in our study were in the range[¡ 3; 3] and re-scaling was accomplished using:

z0
ij =

100(zij + 3)
6

(5)
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Finally, the Difference Mean Opinion Score (DMOS) of each videois computed as the mean of the

rescaled Z-scores from theM = 29 remaining subjects after subject rejection.

DMOSj =
1

M

MX

i =1

z0
ij (6)

IV. OBJECTIVE QA MODELS

The performance of several publicly available objective VQAmodels was evaluated on the LIVE

database. One of the problems we faced was the lack of free availability of many VQA algorithms,

since many popular VQA algorithms and tools are licensed andsold for pro�t. These include the Picture

Quality Analyzer from Tektronix [19]; the Perceptual Evaluation of Video Quality (PEVQ) from Opticom

[20]; the V-Factor from Symmetricom [21]; VQA solutions fromSwissQual [22] and Kwill Corporation

[23] and several others [24]. Our testing was limited to freely available VQA algorithms.

We tested the following VQA algorithms on the LIVE database.

² Peak Signal to Noise Ratio (PSNR)is a simple function of the Mean Squared Error (MSE) between

the reference and test videos and provides a baseline for objective VQA model performance.

² Structural SIMilarity (SSIM)is a popular method for quality assessment of still images [25], [26].

We used a frame-by-frame implementation of the SSIM index for video. Matlab and Labview

implementations of SSIM are available from [27].

² Multi-scale SSIMis an extension of the SSIM paradigm, also proposed for still images [28], that

has been shown to outperform the SSIM index. We used a frame-by-frame extension of multi-scale

SSIM for video. Matlab code for the multi-scale SSIM index for still images was obtained from the

authors.

² Speed SSIMis the name we give to the VQA model proposed in [29] that uses the SSIM index

in conjunction with statistical models of visual speed perception described in [30]. The framework

in [29] is shown to improve the performance of both both PSNR andSSIM. We evaluated the

performance of this model with the SSIM index since that was shown to be the better performing

model in [29]. A software implementation of this index was obtained from the authors.

² Visual Signal to Noise Ratio (VSNR)is a quality assessment algorithm proposed for still images

[31]. We used a frame-by-frame implementation of VSNR, available from [32].

² Video Quality Metric (VQM)is a VQA algorithm developed at the National Telecommunications

and Information Administration (NTIA) [33]. Due to its excellent performance in the VQEG Phase

II validation tests, the VQM methods were adopted by the American National Standards Institute
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(ANSI) as a national standard, and as international International Telecommunications Union Rec-

ommendations (ITU-T J.144 and ITU-R BT.1683, both adopted in 2004). VQM is freely available

for download from [34].

² V-VIF is the name we give to the VQA model proposed in [35] that extends the Visual Information

Fidelity (VIF) criterion for still images to video. A softwareimplementation of this index was

obtained from the authors.

² MOtion-based Video Integrity Evaluation (MOVIE) indexis a VQA index that was recently developed

at LIVE [36], [37]. Three different versions of the MOVIE index- the Spatial MOVIE index, the

Temporal MOVIE index and the MOVIE index - were tested in our study.

A. Performance of Objective Models

We tested the performance of all objective models using two metrics - the Spearman Rank Order

Correlation Coef�cient (SROCC) which measures the monotonicity of the objective model prediction

with respect to human scores and the Pearson Linear Correlation Coef�cient (LCC) after non-linear

regression, which measures the prediction accuracy. The LCC is computed after performing a non-linear

regression on the objective VQA algorithm scores using a logistic functin. We used the logistic function

and the procedure outlined in [2] to �t the objective model scores to the DMOS scores.

Let Qj represent the quality that a VQA algorithm predicts for video j on the LIVE database. A

four parameter, monotonic logistic function is used to �t theVQA algorithm prediction to the subjective

quality scores.

Q0
j =

¯ 1 ¡ ¯ 2

1 + e¡
¡ Q j ¡ ¯ 3

j ¯ 4 j

¢ (7)

Non-linear least squares optimization is performed using the Matlab function “nlin�t” to �nd the

optimal parameters̄ that minimize the least squares error between the vector of subjective scores

(DMOSj ; j = 1 ; 2; : : : 150) and the vector of �tted objective scores (Q0
j ; j = 1 ; 2; : : : ; 150) over all the

videos in the LIVE database Initial estimates of the parameters were chosen based on the recommendation

in [2]. To avoid certain numerical and convergence issues inthe Matlab optimization routine, we either

used the original VQA algorithm scores or multiplied the VQAalgorithm scores by 100 to perform the

�tting and chose the optimal̄ for each algorithm as the one with the minimum error. The SROCC and

the LCC are then computed between the �tted objective scores (Q0
j ) and the subjective scores (DMOS j ).

Table I shows the performance of all models in terms of the SROCC separately for each distortion

type and for the entire LIVE VQA database. Table II shows the performance of all models in terms

February 9, 2009 DRAFT



IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. ?,NO. ?,2007 18

Prediction Model Wireless IP H.264 MPEG-2 All Data

PSNR 0.4334 0.3206 0.4296 0.3588 0.3684

SSIM 0.5221 0.4701 0.6561 0.5609 0.5251

Multi-scale SSIM 0.7285 0.6534 0.7051 0.6617 0.7361

Speed SSIM 0.5630 0.4727 0.7086 0.6185 0.5849

VSNR 0.7019 0:6894 0.6460 0.5915 0.6755

VQM 0.7214 0.6383 0.6520 0.7810 0.7026

V-VIF 0.5507 0.4736 0.6807 0.6116 0.5710

Spatial MOVIE 0.7934 0.6828 0.7023 0.6967 0.7262

Temporal MOVIE 0.6475 0.6000 0:7257 0:8043 0.7029

MOVIE 0:7931 0.6712 0.7158 0.7442 0:7397

TABLE I

COMPARISON OF THE PERFORMANCE OFVQA ALGORITHMS - SROCC. THE BEST PERFORMING OBJECTIVEVQA

ALGORITHM IS HIGHLIGHTED IN BOLD FONT FOR EACH CATEGORY.

Prediction Model Wireless IP H.264 MPEG-2 All Data

PSNR 0.4675 0.4108 0.4385 0.3856 0.4035

SSIM 0.5356 0.5166 0.6631 0.5485 0.5423

Multi-scale SSIM 0.7170 0.7219 0.6919 0.6604 0.7441

Speed SSIM 0.5867 0.5587 0.7206 0.6270 0.5962

VSNR 0.6992 0.7341 0.6216 0.5980 0.6896

VQM 0.7325 0.6480 0.6459 0.7860 0.7236

V-VIF 0.5488 0.5102 0.6911 0.6145 0.5756

Spatial MOVIE 0.7876 0:7372 0.7146 0.6604 0.7435

Temporal MOVIE 0.6564 0.6070 0:7556 0:8016 0.7100

MOVIE 0:8075 0.7223 0.7459 0.7028 0:7606

TABLE II

COMPARISON OF THE PERFORMANCE OFVQA ALGORITHMS - LCC. THE BEST PERFORMING OBJECTIVEVQA

ALGORITHM IS HIGHLIGHTED IN BOLD FONT FOR EACH CATEGORY.

of the LCC separately for each distortion type and for the entire LIVE VQA database after nonlinear

regression.

Scatter plots of objective scores vs. DMOS for all the algorithms on the entire LIVE database along
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Fig. 7. Scatter plots of objective VQA scores vs. DMOS for all videos in theLIVE database. Also shown is the best �tting

logistic function. (a) PSNR (b) SSIM (c) Multi-scale SSIM (d) Speed SSIM

with the best �tting logistic functions are shown in Figures 7 and 8. Our results clearly demonstrate that

a carefully constructed database of videos can expose the obvious limitations of using PSNR as a VQA

model. All the VQA models tested in our study improve upon PSNR.Speed SSIM improves upon using

just the SSIM index. The best performing VQA algorithm amongst the ones tested in our study, in terms

of both the SROCC and LCC after non-linear regression, is the MOVIE index. One of the three versions

of the MOVIE index (Spatial MOVIE, Temporal MOVIE and the MOVIEindex) is the best performing

algorithm using SROCC or LCC as a performance indicator for each individual distortion category also,

with the sole exception of the SROCC computed for IP distortedvideos. VSNR emerges as the winner in

terms of the SROCC for IP distorted videos. The performance of the multi-scale SSIM index and VQM
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Fig. 8. Scatter plots of objective VQA scores vs. DMOS for all videos in theLIVE database. Also shown is the best �tting

logistic function. (a) VSNR (b) VQM (c) V-VIF (d) Spatial MOVIE (e) Temporal MOVIE (f) MOVIE
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is very competitive with the MOVIE index on the LIVE database of videos.

B. Statistical Evaluation

The results presented in Tables I and II show differences in the performance of the different objective

VQA algorithms in terms of both performance criteria used for evaluation. In this section, we attempt

to answer the question of whether this difference in performance is statistically signi�cant. We test

the statistical signi�cance of the results presented in Section IV-A using two different statistical tests

suggested in [38]. The same statistical tests were also used in the performance evaluation of objective

models for still image quality on the LIVE image quality database [39]. The �rst test is an F-test based

on individual rating scores obtained from different subjects and tests whether the performance of any

objective VQA model matches the performance of humans. This test is presented in Section IV-B1. The

second test is an F-test based on the errors between the average DMOS scores and model predictions

and tests whether the performance of one objective model is statistically superior to that of a competing

model. This test is presented in Section IV-B2.

1) F-Test Based on Individual Quality Scores:There is inherent variability amongst subjects in the

quality judgement of a given video. The performance of an objective model can be, and is expected to

be, only as good as the performance of humans in evaluating the quality of a given video. The optimal

or “null” model obtained from the subjective study predictsthe quality of a given video as the averaged

Z-score across subjects, which was de�ned as the DMOS. The residual differences between the null

model and individual quality scores assigned by each subject to a given video cannot be predicted by any

objective model. Hence, the null model has a baseline residual that corresponds to the residual between

individual subjective scores from different subjects and the averaged DMOS score for all videos in the

database. The residual errors between individual subjective scores and the DMOS value, that correspond

to the null model, are given by:

Null Residual (individual ratings)= f z0
ij ¡ DMOSj ; i = 1 ; 2; : : : M andgj = 1 ; 2; : : : N (8)

Similar residuals can be de�ned from each of the objective VQA algorithms tested in the study, that

corresponds to the residual between individual subjectivescores from different subjects and the objective

model prediction of quality for all videos in the database.

Model Residual (individual ratings)= f z0
ij ¡ Q0

j ; i = 1 ; 2; : : : M and j = 1 ; 2; : : : N g (9)
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Prediction Model Wireless IP H.264 MPEG-2 All Data

Null Model 105 98.61 97.73 99.24 100.18

PSNR 189.77 171.83 193.18 179.04 201.07

SSIM 181.10 163.69 166.37 165.93 185.26

Multi-scale SSIM 156.77 140.78 159.37 152.21 153.97

Speed SSIM 174.91 159.07 157.00 157.94 177.87

VSNR 160.13 139.53 170.49 159.74 163.40

VQM 155.34 149.62 166.57 134.11 157.59

V-VIF 179.48 164.43 161.84 158.35 180.78

Spatial MOVIE 145.54 138.97 155.50 152.34 154.08

Temporal MOVIE 166.62 159.81 148.64 131.91 159.95

MOVIE 142.18 142.67 150.11 146.66 150.98

Number of samples 1160 870 1160 1160 4350

Threshold F-ratio 1.1015 1.1181 1.1015 1.1015 1.0512

TABLE III

VARIANCE OF THE RESIDUALS BETWEEN INDIVIDUAL SUBJECTIVE SCORES AND MODEL. F-RATIOS FOR EACH OBJECTIVE

MODEL CAN BE COMPUTED AS THE RATIO OF THE VARIANCE OF THE MODELRESIDUAL TO THAT OF THE NULL RESIDUAL.

F-RATIOS LARGER THAN THE THRESHOLDF-RATIO INDICATE THAT THE OBJECTIVE MODEL IS NOT STATISTICALLY

EQUIVALENT TO THE NULL OR OPTIMAL MODEL.

An F-test is performed on the ratio of the variance of the modelresidual to the variance of the null

residual at 95% signi�cance. The null hypothesis is that the two residuals come from distributions with

the same mean. A threshold F-ratio can be determined based on the number of degrees of freedom in the

numerator and denominator and the signi�cance level of the F-test. Values of the F-ratio larger than the

threshold would cause us to reject the null hypothesis and conclude that the performance of the objective

model isnot statistically equivalentto the null or optimal model.

The variance of the residuals from the null model and each of the ten objective VQA models, as well as

the number of samples in each category, are shown in Table III. The numerator and denominator degrees

of freedom in the F-test is obtained by subtracting one from the number of samples. The threshold F-ratio

at 95% signi�cance is also shown in the table. None of the VQA algorithms tested in our study were

found to be statistically equivalent to the null model or thetheoretically optimal model corresponding to

human judgment in any of the �ve categories (Wireless, IP, H.264, MPEG-2 or All Data).
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2) F-Test Based on Average Quality Scores:The residual error between the quality predictions of an

objective VQA model and the DMOS values on the LIVE video quality database can be used to test the

statistical superiority of one VQA model over another. The residual errors between the objective model

prediction and the DMOS value is given by:

Model Residual (average ratings)= f Q0
j ¡ DMOS j ; j = 1 ; 2; : : : N g (10)

An F-test is performed on the ratio of the variance of the residual error from one objective model to

that of another objective model at 95% signi�cance level. The variance of the residual errors between

model predictions and the DMOS for all the objective models tested in our study for all the categories

are shown in Table IV. By convention, the F-ratio is always formed by placing the objective model with

the larger residual error variance in the numerator. Threshold F-ratios can be determined based on the

number of samples in each category and the signi�cance level.The threshold F-ratio and the number of

samples in each category are also listed in Table IV). The nullhypothesis states that both error residuals

come from distributions with the same mean. An F-ratio ratio larger than the threshold indicates that the

performance of the VQA algorithm in the numerator of the F-ratio is statistically inferior to that of the

VQA algorithm in the denominator. The results of the statistical signi�cance test are reported in Table

V.

To summarize the results in Table V, the performance of Spatial MOVIE and MOVIE is statistically

superior to that of PSNR, SSIM, Speed SSIM and V-VIF on the wireless dataset. The performance of

all algorithms are statistically equivalent on the IP dataset. The performance of Temporal MOVIE and

MOVIE are statistically superior to PSNR on the H.264 dataset.The performance of VQM and Temporal

MOVIE is superior to PSNR, SSIM and VSNR on the MPEG-2 dataset. Additionally, the performance

of Temporal MOVIE is superior to Speed SSIM and V-VIF on the MPEG-2 dataset.

The performance of MOVIE, Spatial MOVIE, VQM and Multi-scale SSIM are equivalent to each

other on the entire LIVE video quality database and is statistically superior to the performance of PSNR,

SSIM, Speed SSIM and V-VIF.

V. CONCLUSIONS ANDFUTURE WORK

A subjective study to evaluate the effects of present generation video compression and communication

technologies on the perceptual quality of digital video waspresented. This study included 150 videos

derived from ten reference videos using four distortion types and were evaluated by 38 subjects. The

database was unique in terms of content and distortion. We presented an evaluation of the performance

of several publicly available objective VQA models on this database.
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Prediction Model Wireless IP H.264 MPEG-2 All Data

PSNR 86.87 75.66 97.84 81.78 101.55

SSIM 77.98 67.25 70.34 68.34 85.63

Multi-scale SSIM 53.07 43.58 63.15 54.30 54.15

Speed SSIM 71.64 62.48 60.73 60.16 78.20

VSNR 56.50 42.28 74.55 61.99 63.63

VQM 51.59 52.72 70.54 35.73 57.79

V-VIF 76.32 68.02 65.70 60.57 81.12

Spatial MOVIE 41.54 41.71 59.20 54.41 54.25

Temporal MOVIE 63.15 63.24 52.16 33.48 60.16

MOVIE 38.10 45.53 53.68 48.60 51.13

Number of samples 40 30 40 40 150

Threshold F-ratio 1.7045 1.8608 1.7045 1.7045 1.3104

TABLE IV

VARIANCE OF THE RESIDUALS BETWEEN MODEL PREDICTIONS ANDDMOS VALUES. F-RATIOS TO COMPARE TWO

OBJECTIVE MODELS CAN BE COMPUTED AS THE RATIO OF THE VARIANCES OF THE MODEL RESIDUALS FROM THE TWO

MODELS, WITH THE LARGER VARIANCE PLACED IN THE NUMERATOR. F-RATIOS LARGER THAN THE THRESHOLDF-RATIO

INDICATE THAT THE PERFORMANCE OF THE OBJECTIVE MODEL IN THE NUMERATOR IS STATISTICALLY INFERIOR TO THAT

IN THE DENOMINATOR.

A distinguishing feature of our database was that the distortion strengths were adjusted perceptually to

test the ability of VQA models to perform consistently well across content types. This strategy, in large

part, was responsible for the poor performance of PSNR, since PSNR does not incorporate any kind of

masking model.

Two of the distortion types in our database resulting from video transmission through lossy wireless

and IP networks cause distortions that are transient, both spatially and temporally. This is another

distinguishing and important aspect of the database. VQA algorithms need to be able to account for

such transient distortions. As part of our study, we also recorded quality scores in continuous time

provided by the subject as they are viewing the video. This provides a description of the quality of the

video as a function of time. We intend to make use of this data in the future to design pooling strategies

for objective VQA algorithms that can correlate with human data scores.
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M1 M2 M3 M4 M5 M6 M7 M8 M9 M10

M1 - - - - - - - - - - - - - - 0 - - - - - - - - - 0 - - - 0 0 - - - - - 0 - - - 0 - - 0 0 0 0 - 0 - 0

M2 - - - - - - - - - - - - - - 0 - - - - - - - - - 0 - - - 0 0 - - - - - 0 - - - 0 - - - 0 0 0 - - - 0

M3 - - - - 1 - - - - 1 - - - - - - - - - 1 - - - - - - - - - - - - - - 1 - - - - - - - - - - - - - - -

M4 - - - - - - - - - - - - - - 0 - - - - - - - - - - - - - - 0 - - - - - 0 - - - 0 - - - 0 - 0 - - - 0

M5 - - - - 1 - - - - 1 - - - - - - - - - - - - - - - - - - 0 - - - - - - - - - - - - - - 0 - - - - - -

M6 - - - 1 1 - - - 1 1 - - - - - - - - - 1 - - - 1 - - - - - - - - - - 1 - - - - - - - - - - - - - - -

M7 - - - - - - - - - - - - - - 0 - - - - - - - - - - - - - - 0 - - - - - 0 - - - 0 - - - 0 0 0 - - - 0

M8 1 - - - 1 1 - - - 1 - - - - - 1 - - - 1 - - - - - - - - - - 1 - - - 1 - - - - - - - - - - - - - - -

M9 - - 1 1 1 - - - 1 1 - - - - - - - - 1 - - - - 1 - - - - - - - - - 1 1 - - - - - - - - - - - - - - -

M10 1 - 1 - 1 1 - - - 1 - - - - - 1 - - - 1 - - - - - - - - - - 1 - - - 1 - - - - - - - - - - - - - - -

TABLE V

RESULTS OF THEF-TEST PERFORMED ON THE RESIDUALS BETWEEN MODEL PREDICTIONS AND DMOS VALUES. EACH

ENTRY IN THE TABLE IS A CODEWORD CONSISTING OF5 SYMBOLS. THE SYMBOLS CORREPOND TO THE“W IRELESS”,

“IP”, “H.264”, “MPEG-2” AND “A LL DATA” IN THAT ORDER. A SYMBOL VALUE OF “1” INDICATES THAT THE

STATISTICAL PERFORMANCE OF THEVQA MODEL IN THE ROW IS SUPERIOR TO THAT OF THE MODEL IN THE COLUMN. A

SYMBOL VALUE OF “0” INDICATES THAT THE STATISTICAL PERFORMANCE OF THE MODEL IN THE ROW IS INFERIOR TO

THAT OF THE MODEL IN THE COLUMN AND “-” INDICATES THAT THE STATISTICAL PERFORMANCE OF THE MODEL IN THE

ROW IS EQUIVALENT TO THAT OF THE MODEL IN THE COLUMN. NOTICE THAT THE MATRIX IS SYMMETRIC AND THAT THE

CODEWORDS AT TRANSPOSE LOCATIONS IN THE MATRIX ARE BINARY COMPLEMENTS OF EACH OTHER. M1 THROUGH M10

ARE PSNR, SSIM, MULTI -SCALE SSIM, SPEEDSSIM, VSNR, VQM, V-VIF, SPATIAL MOVIE, TEMPORAL MOVIE AND

MOVIE RESPECTIVELY.
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