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Abstract— Efficient streaming of video over wireless 
networks requires real-time assessment of distortion due 
to packet loss, especially because predictive coding at the 
encoder can cause inter-frame propagation of errors and 
impact the overall quality of the transmitted video. This 
paper presents an algorithm to evaluate the expected 
receiver distortion on the source side by utilizing 
encoder information, transmission channel 
characteristics and error concealment. Specifically, 
distinct video transmission units, Group of Blocks 
(GOBs), are iteratively built at the source by taking into 
account macroblock coding modes and motion-
compensated error concealment for three different 
combinations of packet loss. Distortion of these units is 
then calculated using the structural similarity (SSIM) 
metric and they are stochastically combined to derive 
the overall expected distortion. The proposed model 
provides a more accurate estimate of the distortion that 
closely models quality as perceived through the human 
visual system. When incorporated into a content-aware 
utility function, preliminary experimental results show 
improved packet ordering & scheduling efficiency and 
overall video signal at the receiver. 
 

Keywords- Video quality assessment, structural 
similarity, motion-compensation, cross-layer optimization, 
packet scheduling. 

I.  INTRODUCTION 
Video is by far the largest contributor of all data 

consumed in the world today and efficient transmission of 
video over packet-switched networks has been a widely 
researched topic. The advent of smart phones and mobile 
devices in the past decade has created a dramatic rise in 
demand for multimedia services over wireless networks. 
This presents a huge challenge due to the limited bandwidth 
resources on a transmission system inherently prone to 
dropped packets and propagation errors. This in turn places 
stringent constraints on video processing and network 
entities to implement optimal encoding, resource allocation, 
packet prioritization & scheduling techniques to minimize 
overall distortion and improve the end-user experience.  

Research in high-speed wireless data transmission 
continues to advance at a fast pace with 3G Downlink and 
Uplink HSPA (High Speed Packet Access), DC-HSPA, 4G 
WiMax, LTE [1-3], Multiple Input, Multiple Output 
(MIMO) antenna technology adoption to 3G/4G and efforts 
to roll out 5G wireless networks within this decade. Image 
and video processing has taken similar strides through 
standards such as H.264/AVC-SVC and H.265/HEVC, [4,5] 
to go alongside research to advance methods to assess image 
and video quality. Traditional full-reference models that 
measure quality through distortion use mean-squared error 
(MSE) and peak-signal-to-noise ratio (PSNR) metrics which 
provide objective mathematical models that easily extend to 
computational analysis and application of optimization 
techniques. But these methods are limited in the way they 
model quality that is perceived by the human visual system 
(HVS). Extensive research has been done in improving 
MSE/PSNR-based schemes by enhancing them to 
accommodate perceptual quality but they suffer from the 
limitation of not assessing distortion as the degradation of 
structural information detected by HVS. Human perception 
is naturally adapted to extract luminance, contrast and 
structure in an image and is the basis for the Structural 
Similarity (SSIM) metric proposed in [6].  

Algorithms that seek to provide complete end-to-end 
solutions lie at the intersection of signal transmission and 
signal processing and cannot afford to be content agnostic. 
Research in cross-layer optimization, rate-distortion 
modeling, packet scheduling and resource allocation in 
multi-user environments has shown that content-aware 
methods provide noticeable performance improvements in 
streaming video transmission [8,9,18-20]. 

The main contribution of this paper is to present a 
mechanism to optimally estimate on the source side the 
overall expected receiver distortion using Structural 
Similarity (SSIM) index [6]. The algorithm uses the single 
scale SSIM (SS-SSIM) metric originally proposed for the 
spatial quality assessment of images. While [11] provides 
full-reference video quality assessment by using SSIM with 
motion compensation, it does not consider source encoding 
modes and distortion at the decoder due to packet loss, 
which are key components in streaming video transmission 
over wireless networks. Models presented in [12,13] provide 
methods for motion-based video quality assessment in the 
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frequency domain using a complex wavelet version of the 
SSIM metric. A full reference video quality metric called 
MOtion-based Video Integrity Evaluation (MOVIE) index 
is proposed in [14,15]. The MOVIE model presents specific 
indexes that capture spatial and temporal distortions. Gabor 
filter banks are applied on reference and distorted video 
sequences and spatial distortion is captured as a function of 
squared difference between Gabor coefficients. In [16], a 
reduced-reference statistical SSIM estimate and rate model 
are proposed using information and coefficients in the DCT 
domain while [17] presents a flexible framework for coding 
mode selection based on user-defined complexity factors on 
partitions larger than macroblocks. In this paper, we present 
an algorithm that uses SSIM in the pixel/spatial domain to 
compute the overall source-to-receiver distortion. We take 
into account inter-frame error propagation due to packet loss 
and error concealment that is influenced by source-side 
inter/intra macroblock encoding. The estimated distortion is 
incorporated into the content-aware utility function 
proposed in [9] to perform packet ordering, scheduling, 
prioritization and resource allocation for the transmission of 
video packets.  

The organization of the paper is as follows. Sec. II 
provides a brief introduction to the SSIM Index and the 
iterative process of building a slice using error concealment. 
In Sec. III, we discuss the main contribution of our paper, an 
iterative method for estimating the overall expected decoder 
distortion using GOB-level SSIM. Sec. IV lays out 
experimental results and evaluates the performance of the 
proposed scheme by incorporating the per-GOB distortion 
estimate into a gradient-based utility function that does 
packet scheduling and resource allocation for video 
transmission. Final conclusions and areas of related future 
work are presented in Sec. V. 

II. STRUCTURAL SIMILARITY METRIC AND ERROR 
CONCEALMENT 

A. Structural Similarity 
The SSIM index between two discrete images is a 

measure of similarity specifically related to the luminance 
(observed as a product of illumination and reflectance), 
contrast and structure (independent of luminance and 
contrast). Given two discrete image signals, x and y, the 
specifics of comparing luminance, contrast and structure are 
given by the following equations: 

 
 l(x, y)  =  (2�x�y + C1) / (�x

2 + �y
2 + C1)         (1) 

 
 c(x, y)  =  (2�x�y + C2) / (�x

2 + �y
2 + C2) (2)   

 
 s(x, y)  =  (�xy + C3) / (�x�y + C3) (3) 

 
The overall Structural Similarity measure, SSIM is then 

given by 
 

 SSIM(x, y) = l(x, y) . c(x, y) . s(x, y) (4) 

where �x and �y are the mean and �x
2 and �y

2 are the 
variance of signals x and y respectively and �xy is the cross 
covariance between them. Three constants C1, C2 and C3 are 
introduced to provide stability to the calculations. Due to the 
localized nature of structural similarity and the capacity of 
the human visual system to only extract high resolution 
information from a smaller, localized area (as a result of the 
foveation nature of human vision), the SSIM algorithm is 
executed on a window of 8x8 pixels that slides pixel-by-
pixel through the entire image. The overall SSIM is 
computed as the average of the individual similarity indexes 
of each of the blocks. A greater similarity between 
compared images results in values of SSIM closer to 1. If 
the two images are identical, they take the maximum SSIM 
value of 1. In the proposed scheme, the SSIM metric is used 
at a sub-image/frame level - it is applied on a ‘group of 
blocks’ (GOBs) or a slice, where a slice is considered as one 
transmission unit.  

B. Iterative slice building using error concealment 
A video frame ready for transmission is encoded at a 

macroblock (MB) level and after all MBs in a GOB are fully 
encoded, it is packetized for transmission. When a GOB is 
lost during transmission, each MB in the GOB is 
reconstructed from the previous GOB and/or previously 
decoded frame using error concealment but this 
reconstruction is different from the encoded image at the 
sender. If the subsequent frame is inter coded (P) frame, this 
difference or ‘error’ propagates through to the next frame 
and if the next frame also experiences packet loss, the errors 
combine to create a more complex inter-frame relationship.  

To make decisions about packet protection, priority, 
scheduling and resource allocation prior to transmission, 
distortion analysis has to be performed at the source. The 
sender uses probability of packet loss to compute expected 
source-to-receiver distortion after applying appropriate error 
concealment. Therefore to accurately estimate distortion due 
to a lost packet, both encoder and decoder need to know and 
use the same error concealment algorithm. In this paper we 
use the basic error concealment used in [9], where, if a GOB 
is lost in transmission it is concealed using the median 
motion vector from the previous GOB. Since error 
concealment is done on a per-MB basis, each MB in the 
current (lost) GOB is concealed using the median motion 
vectors of its three nearest neighbors i.e. top-left, top and 
top-right MBs from the previous GOB. If the previous 
packet is also lost in transmission, the median motion vectors 
are set to zero and the current (lost) GOB replaced with one 
from the same location in the previous decoded frame. The 
algorithm presented in this paper should extend seamlessly 
to approaches where more complex error concealment 
techniques are used.  
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III. EXPECTED DISTORTION USING GOB-BASED SSIM 

A. General scheme and notation 
The following notation is used throughout the rest of the 

paper. We assume that a single row of MBs forms a 
slice/GOB and GOB i from frame n of the original video, 
Gi,n, is compressed/encoded at the source and the resulting 
slice is denoted by �i,n. The decoder reconstruction after 
possible error concealment is represented as �i,n. 

We use g to denote a pixel when referred to in the 
context of a GOB/slice and c for a pixel in the context of a 
macroblock. The original GOB i in frame n comprising v 
pixels is denoted by Gi,n = {g0,i,n, g1,i,n, g2,i,n, …, gv,i,n}; the 
encoded version is �i,n = {�0,i,n, �1,i,n, �2,i,n, …, �v,i,n}, and the 
decoded �i,n =  {�0,i,n, �1,i,n, �2,i,n, …, �v,i,n}. 

An original MB j with k pixels in GOB i of frame n is 
Cj,i,n:{c0, c1, c2, …, ck}, the corresponding encoded �j,i,n:{	0,  
	1, 	2, …, 	k} and the decoded MB after error concealment 
is 
j,i,n:{�0, �1, �2, …, �k}. Structural Similarity between 
original and decoded GOB i in frame n, GOB-SSIM = �i,n 
and the distortion, Di,n = 1 — �i,n. 

The proposed algorithm is implemented two stages. In 
the first stage we assume a fixed packet loss probability in 
order to compute the expected distortion gradient for each 
user. In the second stage we alter the rate allocation for each 
user separately, which results in a different probability of 
loss for each user. 

The distortion calculations are performed using 
techniques presented in the ROPE algorithm in [7]. The 
variation is that we build three separate GOBs with expected 
pixel values based on whether the current and previous 
GOBs are lost or received.   

 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
Figure 1. GOB building process using inter/intra coding modes. Packet 
loss combinations are denoted by: R, slice is correctly received; LR, 
current slice is lost but previous received; and LL current and 
previous slices are lost. 

The GOBs for three combinations of packet loss are, first, 
packet containing the current GOB is received (R), second, 
the packet containing current GOB is lost but packet with 
the previous GOB is received (LR), and third, packets 
containing both the current and previous GOBs are lost 

(LL), denoted by GOBR, GOBLR, GOBLL respectively. The 
expected distortion of the reconstructed slice is then given 
by 

 E{D(GOBi)} =  E{DSSIMi}  
 = p0*(1 — SSIM(GOB,GOBR)) + 

  p1*(1 — SSIM(GOB,GOBLR)) + 
  p2*(1 — SSIM(GOB, GOBLL)), (5) 

 
where p0, p1 and p2 are the probabilities assigned to each 
packet loss combination. 

B. GOB-based Iterative Distortion Estimate using SSIM  
Fig. 1 illustrates the process where three GOBs are 

constructed using packet loss and coding modes for each 
macroblock. It should be noted that all three variations are 
built for every GOB. We compute the SSIM (distortion) for 
each case and apply the probability of occurrence to obtain 
the overall ‘expected’ distortion. 

In the proposed scheme we follow the model presented 
in the ROPE algorithm but instead of calculating the first 
and second moments of the ‘random’ decoder pixel value, 
we construct the corresponding slices one pixel (and MB) at 
a time. Since all pixels in a GOB are lost if a packet is lost, 
pixel loss probability is the same as the probability of packet 
loss. Depending on whether an MB is inter- or intra-coded, 
each pixel in the MB, and collectively the entire GOB, is 
reconstructed.   

The distortion calculations shown below comprise two 
components - first, previous decoded frame n-1 denotes the 
estimated frame available at the decoder as a result of 
applying error concealment after randomly dropped slices 
(function of packet loss probability) simulate “actual” 
packet loss during transmission and, second, SSIM-based 
distortion is evaluated for each packet in the current 
transmission stream to assign proper protection, ordering 
and resource allocation before transmission. The previous 
decoded frame n-1 is used for calculating the distortion in 
the current frame. The detailed process for GOB 
construction using packet loss and coding modes is as 
follows.   

1) Packet containing GOB is correctly received:  
In this case, we assume the GOB that is transmitted is 

correctly received by the decoder and the loss of the 
previous slice or the decoded frame is irrelevant. Each pixel 
value in the GOB is constructed based on its coding mode. 

a) MB is intra coded 
For MB j of k pixels that is intra coded in the current 

GOB i of frame n - each decoder pixel value in every MB of 
the GOB will be same as the value of the corresponding 
encoded MB, i.e., 
 

 
j,i,n:{�0, �1, �2, …, �k} =   
 �j,i,n:{	0,  	1, 	2, …, 	k}. (6) 

 
b) MB is inter coded (Predictive encoding) 

……

……

……

……

……

……

}

}
R

LR

LL}

……

Previous Decoded Frame n-1

Current Decoding Frame n

Current Encoded Frame n

Intra coded MB

Inter coded MB

Same for Inter and Intra coded MB

……
……
…....

Zero MV

Median MV

MV
MV

MV

Associated MB using MV + 
Compressed Residue
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For an inter-coded MB j with k pixels in the current GOB i 
of frame n - each pixel is reconstructed using the motion 
vector to an associated pixel in GOB p in the previous 
decoded n-1 frame and the compressed residue. Therefore,  
 

 
j,i,n:{�0, �1, �2, …, �k} =   
  
j,i,n-1:{�0, �1, �2, …, �k} +  
 { ê0,j,i,n, ê1,j,i,n, ê2,j,i,n, …, êk,j,i,n }, (7) 

 
where êk,j,i,n is the compressed residue of the pixel 
occupying the kth location in the jth MB of the current ith 
GOB in the nth frame.  From (6) and (7) 
 

  �i,n  = {
0,i,n, 
1,i,n, 
2,i,n, …, 
j,i,n},  (8) 
  �R

i,n = SSIM(Gi,n,  �i,n ),  (9) 
  DR

i,n = 1 – �R
i,n . (10) 

 
Probability of this event is (1-). 

2) Packet containing current GOB is lost but previous 
GOB is correctly received:  

In this case, the reconstruction of each MB is the same for 
both inter and intra coding. Each pixel in an MB of the 
current GOB is error concealed and reconstructed using the 
median motion vectors of the three closest MBs (top left, 
top, top right). For instance, a pixel in the current GOB i of 
frame n is associated with a pixel in GOB q of the previous 
decoded frame n-1. Therefore, 
 

 �0,i,n  =  �0,q,n-1.  (11) 
 
Although not every pixel in GOB i is associated with the 
same GOB q or at the same location in the previous 
(decoded) frame, for ease of notation and simplicity we 
denote the whole GOB as �q,n-1. 
 

 �i,n:{�0,i,n, �1,i,n, …, �m,i,n}  =  
 �q,n-1:{�0,q,n-1, �1,q,n-1, …,  �m,q,n-1}, (12) 

  �LR
i,n = SSIM(Gi,n, �q,n-1), (13) 

  DLR
i,n = 1- �LR

i,n .  (14) 
 
Probability of this event is *(1-). 

3) Packets containing current and previous GOB are 
lost:   

When packets containing the current and previous GOBs 
are both lost, the motion vector is set to zero to reconstruct 
each MB of the GOB. Therefore, 
 

 �i,n:{�0,i,n,  �1,i,n, …, �m,i,n} =  
 �i,n-1:{�0,i,n-1, �1,i,n-1, …, �m,i,n-1}, (15) 
  �LL

i,n = SSIM(Gi,n, �i,n-1), (16) 
  DLL

i,n = 1 – �LL
i,n,  (17) 

 
Probability of this event is 2. 

The overall Expected Distortion of the slice based on 
GOB-SSIM is obtained by combining (10), (14), and (17) as 
 

      E{D(Gi,n)} = (1-)(DR
i,n) + .(1-)(DLR

i,n)+ 2(DLL
i,n). (18) 

 
A packet with greater impact to Structural Similarity, i.e. 

one that results in higher distortion if lost, is given higher 
priority over one that has lower distortion in the above 
calculation implying losing the packet would have a smaller 
impact to the overall structural similarity. The distortion 
estimate computed in (18) is incorporated into a predefined 
utility function that uses gradient-based packet ordering and 
scheduling schemes for transmission of video packets. 

IV. EXPERIMENTAL RESULTS 
Five video sequences, “carphone”, “hall monitor”, 

“mother and daughter”, “news” and “silent” in QCIF 
(176x144) format at 30 fps were used for our experiments. 
This implied that a packet had 33ms for transmission and 
playback at the decoder. The video sequences were encoded 
using H.264 (JVT reference software, JM) but it should be 
noted that the implementation of the proposed algorithm is 
not impacted by the specific encoding scheme. Variable bit 
rate encoding was used to achieve an average PSNR of 
35dB for each decoded frame. All frames except the first 
were encoded as P frames and 15 random I MBs (encoded 
using constrained intra prediction) were inserted into each 
frame. The frame is then packetized to contain a slice/GOB, 
a single row of MBs, for transmission. A 2ms transmission 
timeslot HSDPA wireless channel with total base station 
power P = 25W, total number of spreading codes for all 
users, N = 15, and maximum per-user SINR constraints of 
1.8dB is used. A Nakagami channel with shaping parameter 
m=10 models the channel characteristics. 

MAC layer partitioning of the Application layer packets 
mandates that all fragments of the application layer packet 
be received at the decoder for the decoding process to be 
complete and correct. For this purpose a 10ms ACK/NACK 
feedback delay is assumed for each transmission. A NACK 
during the 10ms feedback delay of the application layer 
packet would reinsert and reorder the packet into the 
transmission queue provided the NACK arrived within the 
decoding deadline of the transmitted packet. 

We use the two-step implementation of the content-aware 
utility function for resource allocation described in [9]. 
First, for a fixed loss probability of each packet in the 
transmission queue, the optimal values of per-user spreading 
code ni and power assignment pi are determined as a 
function of varying the rate ri. In the second step, with ni and 
pi fixed to the optimal values obtained previously, the 
probability of packet loss becomes a function of the rate 
(higher rate results in higher packet loss). As a result, at 
small ri, when the rate is gradually increased, the expected 
distortion E{D} per user goes down due to the fact the more 
bits are transmitted. But as the ri increases, since packet loss 
is coupled with rate, probability of packet loss increases as 
rate increases, causing an increase in E{D}. Therefore, 
E{D} is a convex function of the rate assignment and the 
optimal ri that leads to minimum expected distortion can be 
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calculated separately for each user as a simple one-
dimensional line search. 

The proposed “GOB-based Iterative Distortion Estimate 
using SSIM” (GIDE-S) algorithm is executed for the five 
video sequences (users) using 10 different channel 
realizations. The efficiency of the proposed algorithm is 
evaluated both in terms of the average per-user PSNR and 
SSIM and the overall per-frame PSNR and SSIM. The per-
user PSNR and SSIM are the frame averages of each user 
from all runs and they represent the average quality of each 
user; while the per-frame PSNR and SSIM are the averages 
of each corresponding frame of all video sequences from 
multiple executions of the algorithm and they represent the 
average quality over all users.  The cross comparison of 
metrics (average per-user and per-frame PSNR in the 
proposed SSIM-based method and the average per-user and 
per-frame SSIM in the MSE-based methods) provides an 
unbiased objective comparison of the performance 
efficiency of both schemes.  

It is shown that the proposed algorithm  performs 
consistently better than the MSE-based method presented in 
[9] which compared four different resource allocation 
schemes – MSE-based expected distortion gradient with 
variable probability of packet loss and fixed probability of 
packet loss and content-agnostic methods such as Queue 
Length and Max C/I methods. The experiments that we ran 
and the PSNR and SSIM values shown in the following 
figures compare the proposed model with the MSE-based 
expected distortion gradient with variable packet loss 
probability. 

Fig. 2 shows a comparison of the per-user quality in 
PSNR (in dB) where each bar is the average PSNR of 130 
QCIF video frames for each of the five video sequences for 
the 10 channel realizations. Fig. 3 shows the per-user SSIM 
averaged over 130 frames for each of the five video 
sequences. Fig. 4 is the per-frame PSNR (in dB) where the 
values indicate PSNR of each corresponding frame from all 
five video sequences averaged over 10 separate executions. 
And finally, Fig. 5 shows the per-frame average SSIM of 
each frame from all five users averaged over 10 realizations. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2. Average quality of each user using the PSNR metric. 

 
 
 
 
 

 
 
 
 
 
 
 
 
 
Figure 3. Average quality of each user using the SSIM metric. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4. Average quality in PSNR (dB) over all users. 

 

 
 
 
 
 
 
 
 
 
 
 
  
Figure 5. Average quality in SSIM over all users. 

 

V. CONCLUSIONS 
We presented an iterative method for computing 

expected decoder distortion on the source side using GOB-
level SSIM for each frame of the video sequence. The 
expected distortion was plugged into a utility function to 
determine optimal packet ordering and resource allocation 
for transmission in a multi-user wireless environment. We 
have shown that both the MSE-based approach and the 
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GIDE-S method tracked each other fairly closely. However, 
the proposed algorithm provided, on average, a better 
estimate of the expected distortion as reflected by the overall 
performance and end-to-end video quality. These are 
preliminary results and while they are promising the 
algorithm can be further refined and tested against more 
diverse content. In this regard, for future work, the scheme 
can be applied to video sequences that show a greater 
variation in quality with respect to PSNR and SSIM (For 
example, videos with blur, noise, and/or varying focus) to 
draw out the overall efficacy of the proposed model. We 
believe that with such videos the proposed SSIM-based 
quality metric and resource allocation scheme will provide 
visibly greater improvements over existing methods. It can 
also be extended to transmission of videos encoded with 
coding standards like H.265/HEVC and to video 
transmission between wireless sensor networks. 
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