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Abstract—Portable video communication devices operate on
batteries with limited energy supply. Video compression is
computationally intensive and energy-demanding. Therefore, one
critical issue in portable video communication system design
is to minimize the energy consumption of video encoding so
as to prolong the operational lifetime of portable video devices. In this paper, we explore advanced methods in adaptive
system control and develop an online complexity control and
energy minimization scheme for real-time video encoding. More
speciﬁcally, we introduce a set of parameters to control the
computational complexity and energy consumption of the video
encoder. We consider this video encoder as a nonlinear control
system. Based on adaptive critic design, an advanced adaptive
control method recently developed in control science, we design
an online control scheme which is able to select the best conﬁguration of complexity control parameters to minimize the energy
consumption under rate-distortion constraints, or equivalently
maximize video quality under rate and energy constraints. Our
extensive experimental results demonstrate that the proposed
scheme approaches the true optimum performance. The proposed
online complexity control and energy minimization scheme will
provide an important tool for energy minimization of portable
video devices.

[2]–[4], have been developed for efficient video compression.
An efficient video compression system is often computationally intensive and energy-consuming, since it involves
many sophisticated operations in spatiotemporal prediction,
transform, quantization, mode selection, and entropy coding
[5]. Recent studies [6], [7] show that, in typical scenarios of
video communication over portable devices, video encoding
consumes a significant portion (up to 40–60%) of the total
energy. Therefore, one critical issue in the portable video
communication system design is to minimize the energy consumption of video encoding so as to prolong the operational
lifetime of portable video devices.
There are two types of portable video devices: video encoders (e.g., video cell phones, wireless video cameras, etc.)
and players (e.g., iPod video). In this paper, we focus on
energy minimization for portable video encoding devices. This
is because, on portable video devices, the fraction of energy
consumption by video encoding (typically 60–85%) is much
higher than that of video decoding [11].

Index Terms—Adaptive critic design, energy minimization,
nonlinear control, video coding.

A. Related Work

I. Introduction

W

IRELESS video communication over portable devices
has become the driving technology of many important applications, experiencing dramatic market growth and
promising revolutionary experiences in personal communication, gaming, entertainment, military, security, environment
monitoring, and more [1]. Portable devices are powered by
batteries. Video data is voluminous. It has to be very efficiently
compressed. Otherwise, the amount of transmission energy or
required storage space will be tremendous. During the past
decades, many video compression algorithms and international
standards, such as MPEG-2, H.263, MPEG-4, and H.264
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To reduce the energy consumption of video encoders, a
number of algorithms, software and hardware energy minimization techniques, including low-complexity encoder design
[13], [14], low-power embedded video encoding [15], adaptive
power control [6], [16], [17], and joint encoder and hardware
adaptation [18]–[20] have been proposed. Fast algorithms for
major video encoding modules, including motion estimation,
mode decision, and transform have been developed [14],
[21]–[25]. A comprehensive review of fast algorithms for
motion estimation in video compression is provided in [25].
Low-complexity algorithms have also been developed for
spatial transforms [21]. Since there is no motion estimation
for INTRA macroblocks (MBs), the INTRA ratio parameter,
which is the fraction of INTRA MBs in the video frame, can
be used to control the motion estimation complexity in the
video encoder [6]. A parametric scheme for scalable motion
estimation and DCT has been proposed in [16]. To speedup the encoding process, a statistical modeling approach is
proposed in [14] to predict the zero DCT coefficients after
quantization. Based on the prediction, the DCT computation for those zero coefficients can be saved. Fast mode
decision algorithms have been developed for H.264 video
coding [23]. Hardware implementation technologies have been
developed to improve the video encoding speed [15], [26]–
[28]. Recently, researchers have realized the importance of
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cross-layer design for energy saving in multimedia systems
[13], [20]. Joint adaptation of video encoder/decoder and
hardware scheduling for energy saving has been studied [13],
[18]–[20]. Joint encoder and wireless transmission power
control schemes have also been developed; see for example
[6].
B. This Paper and Major Contributions
Although a number of algorithms have been developed
in the literature to reduce the computational complexity and
energy consumption of video encoding, most of them have
been focused on encoder complexity adaptation instead of
optimization. The inherent relationship between energy consumption and rate-distortion (R-D) behaviors of a video encoding system has not been systematically analyzed. In our
previous work [5], we have developed a power-rate-distortion
method to characterize the R-D behavior of an MPEG-4
encoder under power consumption constraints. However, this
method is not generic, relying on specific complexity control
schemes implemented at the encoder. In addition, it is not
suitable for online encoding complexity control and energy
optimization of real-time video encoders.
In this paper, we investigate how theories and algorithms
developed in adaptive system control [29] could be applied to
video encoder complexity control and energy optimization. We
consider the video encoder as a nonlinear dynamic system. The
purpose of energy-consumption control is to find a sequence of
encoding parameters such that the overall energy consumption
is minimized under rate-distortion constraints. By exploring
the approach of adaptive critic design (ACD), an important
technique developed in adaptive system control, we develop
an online complexity control and energy minimization scheme
for real-time video encoding over portable devices. Based on
neural network computations, the proposed ACD scheme simulates critical thinking of human intelligence and determines
a sequence of complexity control parameters for the video
sequence to maximize the overall video encoding performance
under energy constraints. The proposed scheme is able to
learn the behavior patterns of video encoder and can be easily
extended to other image and video encoding systems. Our
experimental results demonstrate that this nonlinear system
control approach is very effective, being able to achieve the
near-optimum performance.
The rest of this paper is organized as follows. In Section II,
we discuss energy-scalable video encoding system design and
operational power-rate-distortion analysis. Section III provides
an overview of our proposed approach for online complexity
control and energy minimization. The detailed adaptive critic
system design for online complexity control and energy minimization is presented in Section IV. Section V summarizes our
algorithm. Experimental results are presented in Section VI.
Section VII concludes the paper.
II. Operational Power-Rate-Distortion Analysis
Our central idea is to introduce a set of complexity control
parameters to control the computational complexity of major
encoding operations of the video encoder. With dynamic

voltage scaling (DVS), a recently developed power control
technology for microprocessors [22], this complexity-scalable
video encoder can be translated into an energy-scalable video
encoder, since video encoding energy consumption is a function of its computational complexity [19], [22]. The energyscalable video encoder design has the following three major
steps.
In the first step, we group the encoding operations into
several modules, such as motion prediction, precoding (transform and quantization), and entropy coding, and then introduce
a set of control parameters  = (ξ1 , ξ2 , . . . , ξL ) to control
the power consumption of these modules. Therefore, the
encoder complexity C is then a function of these control
parameters, denoted by C (ξ1 , ξ2 , . . . , ξL ). Within the DVS
design framework, the encoding power consumption, denoted
by P, is a function of encoder complexity C, denoted by
P = (C). Therefore, it is also a function of  = (ξ1 , ξ2 , . . . , ξL )
denoted by C (ξ1 , ξ2 , . . . , ξL ). The expression of this function
depends on the power consumption model of the specific
microprocessor [22].
In the second step, for each configuration of complexity
control parameters (ξ1 , ξ2 , . . . , ξL ), we execute the video encoder over the video sequence and obtain the corresponding
R-D data, denoted by D(R; ξ1 , ξ2 , . . . , ξL ). It should be noted
that this step is computationally intensive and is intended
for offline analysis. Once D(R; ξ1 , ξ2 , . . . , ξL ) is obtained,
in the third step, we perform optimum configuration of the
control parameters to maximize the video quality (or minimize the video distortion) under the power constraint. This
optimization problem can be mathematically formulated as
follows:
min D = (R; ξ1 , ξ2 , . . . , ξL ), s.t. P(ξ1 , ξ2 , . . . , ξL ) ≤ P
ξ1 ,ξ2 ,...,ξL

(1)

where P is the available power consumption for video encoding. The optimum solution, denoted byD(R; P), describes the
P-R-D behavior of the video encoder.
It should be noted that this operational power-rate-distortion
analysis procedure is a brute-force search approach. It needs
to execute the video encoder for all possible configurations
of complexity control parameters. For example, in our experiment, we have two complexity control parameters. We
use ten sampling points for each parameter. In total, we
have 10 × 10 = 100 different configurations and we need
to run the video encoder 100 times to produce all the
R-D points D (R; ξ1 , ξ2 , . . . , ξL ). This procedure is extremely
computation-intensive and not suitable for online complexity control and energy optimization of real-time video encoders. In this paper, based on the adaptive critic design,
we develop a low-complexity and robust online complexity control and energy minimization scheme for real-time
video encoding. We use the offline operational P-R-D analysis to obtain the optimum solution for the video encoding
energy minimization problem outlined in (1). This groundtruth optimum solution will provide a reference point for
performance evaluation of the proposed method for online
complexity control and energy minimization of real-time video
encoding.
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Fig. 1.

Illustration of online complexity control and energy minimization.

III. Online Complexity Control and Energy
Minimization for Real-Time Video Encoding Over
Portable Devices
In this section, we provide an overview of the proposed
method for online complexity control and energy minimization
of real-time video encoding over portable devices.
A. Problem Formulation
The video encoder has a number of complexity control
parameters (ξ1 , ξ2 , . . . , ξL ). At each video frame (or time
instance) n, the video encoder can adjust these parameters
to control its computational complexity and energy consumption. For convenience, we refer to the encoder decision on
these parameters at time instance n as an action, denoted
by A(n) = [A1 (n), A2 (n), . . . , AL (n)]. Let R be the coding
bit rate which is determined by the available transmission
bandwidth and D[R; A1 (n), A2 (n), . . . , AL (n)] be the corresponding video coding distortion when the encoder chooses
action A(n) = [A1 (n), A2 (n), . . . , AL (n)].
Suppose the video sequence has K video frames. During the
encoding processing, the encoder needs to choose a series of
actions {A(n) |1 ≤ n ≤ N}, as illustrated in Fig. 1, such that
the overall rate-distortion performance of the video encoder is
maximized under complexity or energy constraints. Conceptually, this optimization problem can be formulated as follows:
min

{A1 (n), A2 (n),...,AL (n)}

s.t.

N
1 
D[R; A1 (n), A2 (n), . . . , AL (n)]
N n=1

N
1 
P[A1 (n), A2 (n), . . . , AL (n)] ≤ P0 .
N n=1

(2)

For effective online complexity control and energy minimization of real-time video encoding, the following three
major issues need to be carefully addressed. First, we need
to understand and model the encoder behavior, i.e., the
relationship between the encoder action A(n) = [A1 (n),
A2 (n), . . . , AL (n)] and the corresponding rate-distortion performance D(n) and power consumption P(n). As we know,
an efficient video encoder often involves highly sophisticated
spatiotemporal prediction schemes, data representation algorithms, and entropy coding methods [3], [4]. Thus, the encoder
behavior is often very complex and remains a “black box”
to us. In addition, this encoder behavior depends on the
characteristics of the input video sequence. In real-time video
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coding, the characteristics of the input video remain unknown
to us before its encoding is completed. Therefore, in online
complexity control and energy minimization, we need to learn
and identify the encoder behavior on the fly by examining
previous encoder actions and the corresponding system outputs
[D(n), P(n)]. Second, in online complexity control and energy
minimization of real-time video encoding, the encoder is not
able to reverse previous actions once they have been taken. For
example, at frame k, the encoder learns that the characteristics
of the input video are different from previous learning results
and realizes that those actions taken in the previous frames
are not optimum. Third, the online complexity control and
energy minimization is a process control problem [29]. More
specifically, the encoder needs to determine a sequence of
actions to maximize the rate-distortion performance under
energy constraints. At each time instance, it needs to learn
the encoder behavior and choose the action which can most
likely optimize the overall encoder performance. Note that
video frames are encoded with temporal prediction and all
frames are competing for computational and energy resources.
Therefore, the effect of each action is not known until the
end of control process. This is one of the major challenges
in online complexity control and energy minimization of realtime video coding. To address these issues and challenges, we
propose to explore adaptive critic design, an advanced method
recently developed for adaptive system control [29].
B. Adaptive Critic Design
Optimizing a desired metric over time is one of the central
problems in control and optimization [31]. Dynamic programming (DP) uses the Bellman principle of optimality to find
an optimal sequence of actions [30]. Classical DP methods
discretize the state space and compare the costs associated with
all feasible trajectories to find the optimum solution. However,
these DP approaches suffer from curse of dimensionality, with
the computational complexity growing exponentially with the
number of state variables [30]. For a given series of control
actions that must be taken sequentially, and not knowing the
effect of these actions until the end of the sequence, it is
impossible to design an optimal controller using traditional
supervised learning neural networks [32]. Adaptive critic designs (ACD) is a class of approximate dynamic programming
(ADP) methods that uses incremental optimization, combined
with parametric structures that approximate the optimal cost
and control, to reduce the required computations [29], [31].
ACD combines the concepts of reinforcement learning and
approximates dynamic programming. At any moment in time,
it optimizes a short-term cost metric that ensures incremental
optimization of the cost over all future times. It is able to
determine a sequence of actions to maximize the overall
performance of the whole process. ACD simulates critical
thinking of human intelligence with the ability to cope with
a large number of variables in parallel, in real-time, and
in a noisy nonlinear nonstationary environment [32]. ACD
controllers have been successfully trained offline for two-axle
vehicle steering and speed control, agile missile interception,
aircraft autolanding and control, and turbo-generator control
[29], [32].
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states will be changed if the current action is taken. Basically,
it estimates the next system state X̄(n+1) = [D(n+1), P(n+1)]
based upon the current encoder action A(n). We assume a rate
control algorithm operates inside the encoder such that the
encoding bit rate R remains relatively constant throughout the
process [8]. The interconnection between the video encoder
and these three networks are shown in Fig. 2. In the following
sections, we will explain the specific design of these three
networks in more detail.
A. Critic Network Design
Fig. 2. Proposed ACD framework for online complexity control and optimization.

IV. Adaptive Critic Design for Energy Control
and Optimization
In this paper, we observe that the problem of online
complexity control and energy minimization shares similar
characteristics as those control problems which have been
successfully solved using ACD. Therefore, we propose to
explore the ACD approach for energy minimization of realtime video encoding on portable devices. The proposed ACD
framework for online complexity control and energy minimization consists of three major components: an encoder
model, a critic network, and an action network, as illustrated
in Fig. 2.
In ACD-based energy control and optimization, the system
examines its current state in power consumption and video
encoding performance and decides its action (complexity
control parameters) for the next step. The action will change
the system to its next state. For each action, the system
performance gain is described by a local utility function. The
ACD-based control and optimization module has three major
components: a critic network to learn the global performance
metric function J(n), an action network to determine the next
action based on current state X(n), and a model network to
learn the system behavior, predicting the next system state
X(n + 1) from the current state X(n + 1).
The critic neural network (NN) is used to approximate
the cost-to-go function (or performance metric), denoted by
J(n + 1) in the Bellman equation of dynamic programming.
Here, n is a time index. For convenience, n also represents the
frame number. The inputs to this critic NN are encoder action
A(n + 1) and encoder state X(n + 1) = [D(n + 1), P(n + 1)],
where D(n + 1) and P(n + 1) are video coding distortion
and encoder power consumption at time n + 1. In this paper,
we choose two complexity control parameters as the action
A(n) = [A1 (n), A2 (n)], where A1 (n) is the number of search
positions in motion estimation and A2 (n) is the video coding
frame rate (i.e., the number of coding frames per second). It
can be seen that A1 (n) and A2 (n) control the computational
complexity of motion search and frame-level video encoding. The action network considers the current system state
X(n) = [D(n), P(n)] and determines the encoder action for
the next step which aims to minimize the cost-to-go function
J(n + 1) learned by the critic network. The encoder model
identifies the encoder behavior and determines how the system

ACD approximates dynamic programming methods using
incremental optimization whose parametric structures approximate the optimal cost and control. In ACD, a “primary” utility
function U(n) is used to describe the immediate impact of
current actions of the video encoder. For example, if we aim to
minimize the video coding distortion D(n) under a complexity
constraint C(n) ≤ C0 , one can choose the following primary
utility function:
U(n) = D(n)2 + λ φ (C(n) − C0 )

(3)

where φ(x) is a penalty function which remains very small
when x ≤ 0 and takes a very large value when x > 0. Certainly,
the choice of the primary utility should depend on the control
and optimization objective. Based on this primary utility
function, in ACD, a process-level performance metric function
is formed as follows:
∞

J̄(n) =
γ k U(n − k)
(4)
k=1

where 0 < γ < 1 is a discount factor. Unfortunately, this
performance metric J̄(n) is not easily computable in many
applications. Note that J̄(n) satisfies the following Bellman
recursion property [29]:
∞

J̄(n + 1) = U(n) + γ J̄
γ k U(n).
(5)
k=1

In ACD, this property is used to obtain J̄(n) using a critic
neural network. The critic network aims to minimize the
following error measure over time:
1
E1c (n) = [J(n + 1) − γ J(n) − U(n)]2 .
(6)
2
Here, J(n) is the output of the critic network at time n.
When the critic network converges, the error in (6) will
approach zero and J(n) will approach the desired performance
metric J̄(n). This is because, when the critic neural network
converges, E1c (n) becomes zero. This implies that the relationship in (5) holds, from which the original expression of
J̄(n) in (4) can be derived. Fig. 3 shows the basic structure of
the proposed critic neural network. It has three layers: input,
hidden, and output layers. In this critic neural network, the
performance metric function J(n) is represented by a nonlinear
weighted sum of the encoder states and complexity control
parameters. Through online learning [9], these weights will be
adjusted such that the error function in (6) will be minimized.
In this paper, we follow the convention in neural network
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layer are generated by the hidden layer, yj (n) = σ(vj (n)), and
the local gradient is defined by
δj (n) = −

∂E1c (n)
= − [J(n + 1) − YJ(n) − U(n)].
∂J(n)

(12)

Similarly, at the hidden layer, the weights Wji = [Wj0 , Wj1 ,
Wj2 , Wj3 , Wj4 ] are updated as follows:
wji = η δj (n)yi (n).

Fig. 3.

Here, η is the learning rate. In this paper, we set its value
to be 0.5. The local gradient δj (n) is given by
∂Ec (n) ∂yj (n)
·
δj (n) = − 1
∂yj (n) ∂vj (n)

Critic neural network.

literature [9] to use i to index neural network inputs, j to index
hidden neurons, and k to index network outputs, as illustrated
in Fig. 3. The proposed critical network takes the encoder state
X(n) = [D(n), P(n)] and encoder action A(n) = [A1 (n), A2 (n)]
as inputs and has three hidden neurons {vj | ≤ j ≤ 3}. A bias
term is included in the input so that a DC value can be added
to J(n). We index these five input variables from top to bottom
by i, 0 ≤ i ≤ 4. Let Wji = [Wj0 , Wj1 Wj2 Wj3 Wj4 ], 1 ≤ j ≤ 3,
be the synaptic weights connecting these five input variables
and three hidden neurons. At time n, the output of the hidden
neurons vj is given by
vj (n) = Wji · [1, D(n), P(n), A1 (n), A2 (n)] .

(7)

In the hidden layer, this hidden neuron output is passed
through an active function σ (v)
yj (n) = σ(vj (n))

1
.
1 + e−vj (n).

(8)

The final output of the critic neural network j(n) is given by
the weighted summation of yi (n)
J(n+1) = [Wk1 , Wk2 , Wk3 , Wk4 ] · [1, y1 (n), y2 (n), y3 (n)] . (9)
During online complexity control and energy minimization,
the critic network aims to minimize the error metric in (6)
by updating its weights. In this paper, we use the backpropagation method, a commonly used procedure for neural
network learning [9]. The basic idea of back-propagation can
be summarized as follows:


weight
correction




=

learning rate
parameter

(13)

 
 input signal 
· local
.
gradient · of neuron

(10)

Here, a gradient descending method is used to update the
network weights so as to minimize the error function [9].
According to this back-propagation method, the critic network
weights Wkj = [Wk1 , Wk2 , Wk3 , Wk4 ] at the output layers are
updated as follows:
∂E1c (n)
∂Ec (n) ∂E1c (n)
= −η 1
·
∂wkj
∂wkj
∂wkj
= η[J(n + 1)−γJ(n)−U(n)]· σ(vj (n)). (11)

 Wkj (n) = −η

Here, η is the positive learning rate for the back-propagation
training procedure. In (11), the input signals for the output

= −[J(n + 1) − yJ(n) − U(n)]


· σj (vj (n)) · wkj (n).

(14)

In this paper, we use the sigmoid function σ(v) = 1+e1−v as
the active function, which has been extensively used in neural
network design [9]. Its first order and second order derivatives
are given by
 
σ (v) = σ(v) · (1 − σ(v))
(15)
σ"(v) = σ(v) · (1 − σ(v)) · (1 − 2σ(v)).
The critic neural network connects with the action and
model networks as follows: we first execute the action network
to obtain A(n + 1) and the model network to obtain X(n + 1).
We then use the critic network to obtain J(n + 1). Using (10)
and (11), we update the weights of the critic neural network.
B. Action Network Design
During online complexity control and energy minimization,
the action neural network determines the next encoder action
A(n + 1) so as to minimize the performance metric function
J(n + 1) generated by the critic network. This implies that the
action network needs to let the derivative of J(n + 1) with
respect to the encoder action A(n + 1) approach zero. In other
words, we expect to have
∂J(n + 1)
λA (n + 1) =
= 0.
(16)
∂A (n + 1)
To this end, we define the following error metric:
1
(17)
EA = λA (n + 1) · λA (n + 1).
2
The action network aims to minimize this error metric by
updating its weights. The basic observation is that, when this
error metric approaches zero, λA (n + 1) is close to zero, and
the encoder action minimizes the performance metric function
J(n + 1).
Fig. 4 shows the structure of the action network. The
inputs to the action neural network are the encoder states
[x1 (n), x1 (n)] = [D(n), P(n)] plus a bias term. The network
output is the encoder action A(n + 1) = [A1 (n + 1), A2 (n + 1)]
at the next time step. In this action network, the encoder
action at the next time instance is represented using a nonlinear weighted sum of the current encoder states. Our basic
observation is that the encoder determines its next action
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follows:
⎧
∂J(n)
⎪
⎨ ∂Ai (n) =
⎪
⎩

j

wkj · σ  (vj (n)) · wji
(i = 1, 2)

∂J 2 (n)
∂Ai (n)∂Ai (n)

=

j

wkj · σ"(vj (n)) · wji · wji .
(20)

In (19), σ  (vj (n)) and σ"(vj (n)) can be determined by (15).
Fig. 4.

Action neural network.

C. Model Network

based on its current state. We use the action neural network
to approximate the relationship between encoder action and
state.
As illustrated in Fig. 4, the proposed action network has
one hidden layer and one output layer. In the hidden layer, the
network inputs, i.e., [x1 (n), x2 (n)] plus a bias term, are aggregated into three hidden neurons (1 ≤ j ≤ 3) using weighted
summation. The corresponding weights are denoted by wji
where i and j are indices for network inputs and layer-1
hidden neurons. The summation output vj is passed through
the active function σ(v) given in (8). At the output layer,
these three action function outputs from hidden layers are
aggregated into two summation outputs vk , 1 ≤ k ≤ 2 using
weighted summation. The corresponding weights are denoted
by wki , where k is an index for network outputs. Unlike the
critic network which has only one network output J(n), the
action network has two outputs: A1 (n + 1) and A2 (n + 1),
which control the computational complexity of encoder motion
search and frame rate, respectively. The summation outputs of
output layer are then passed through σ(v) again to generate
the final output. Here, σ (v) serves as a saturation function,
making sure that the values of A1 (n + 1) and A2 (n + 1) are
within the normalized interval of [0, 1].
In the following, we explain the weight updating in more
detail. Again, we use the back-propagation method to update
the network weights. More specifically, at the output layer,
according to the chain rules and the back-propagation weight
updating scheme described in (10), the weights are updated
as follows (due to page limitation, the detailed procedure to
compute the following derivatives is omitted):
Wkj (n) = −η

∂J(n + 1)
∂J 2 (n + 1)
·
∂Ak (n + 1) ∂Ak (n + 1) ∂Ak (n + 1)
σj (vj (n)) · σk (vk (n)).

(18)

At the hidden layer, the weights are updated as follows:
⎧
⎪
⎪
⎨

Wji (n) = η δj (n)yi (n)
2

∂j (n+1)
∂j(n=1)
δj (n) = − k ∂A
· ∂Ak (n+1)
∂Ak (n+1)
k (n+1)
⎪
⎪
⎩


wkj · σj (vj (n)) · σk (vk (n)).

(19)

It needs to be noted that ∂j(n)/∂Ak (n) and ∂j 2 (n)/
∂Ak (n)∂Ak (N) need to be derived from critic network as

In our online complexity control and energy minimization,
we use the model network to approximate the encoder behavior. More specifically, the task of model network is to learn a
mathematical model which is able to predict the next system
state X(n+1) = [D(n+1), C(n+1)] for the given current system
state X(n) = [D(n), C(n)] and the encoder action A(n). In the
classical adaptive critic design, this model is implemented by
a neural network [29], [32]. In this paper, we find that this
approach is not effective for nonstationary input videos. When
the input scene characteristics change significantly over time,
the neural network is not able to quickly respond to these rapid
changes by updating its network weights. On the other hand,
if we choose to use a high learning rate, the neural network
may not converge and become unstable.
To address this issue, in this paper, we propose to replace
the model neural network in the classic adaptive critic design using an adaptive model fitting approach. During our
extensive simulations, we find that there is an exponential
relationship between the encoder distortion D(n + 1) and
the complexity control parameters and an approximate linear
relationship between the encoder computational complexity
C(n + 1) and control parameters. For example, we have found
that if we increase the number of motion search positions or
video coding frame rate, the video coding distortion decreases
exponentially and the complexity increases linearly. Based on
this observation, the following model is used:

D(n + 1) = a3 exp(−[a1 A1 (n) + a2 A2 (n)])
(21)
C(n + 1) = b1 A1 (n) + b2 A2 (n).
Certainly, the expression of this model depends on the
specific choice of complexity control parameters. If different
complexity control parameters are used, one needs to examine
the corresponding simulation results and use different models.
To obtain the model parameters {a1 , a2 , a3 , b1 , b2 } in (21),
we use the encoder statistics from the past  frames. More
specifically, when an action A(n) is determined by the action
network, the encoder will use this action, i.e., the corresponding complexity control parameters to encode the next video
frame, as illustrated in Fig. 2. The encoder will then report the
coding distortion D(n + 1) and computational complexity (in
units of microprocessor cycles) C(n+1) to the model network.
We then use these data points {A1 (n), A2 (n), D(n+1), C(n+1)}
of the past  frames to estimate the model parameters using
the Levenberg–Marquardt algorithm [12]. Fig. 5 shows the fitting results for encoder complexity and distortion for Foreman
QCIF video. Experiments over other sequences yield similar
results. It can be seen that the fitting is fairly accurate. Once
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Fig. 5. (a) Surface fitting for encoder complexity. (b) Surface fitting for the
encoder distortion.
Fig. 6.

Convergence of performance metric function on Foreman sequence.

Fig. 7.

Convergence of encoder state on Foreman sequence.

the mathematical model is obtained, it will be used in the
action network to update its network weights, as shown in
(17).
V. Algorithm
Critic network, action network, and encoder model are three
major components of the proposed ACD algorithm for energy
minimization. The interconnection between them is shown in
Fig. 2. In this section, we outline the major steps in online
complexity control and energy minimization algorithm for
real-time video encoding.
Step-1: Initialization. Within the initial period, the ACD
algorithm tries to learn the encoding behavior of the input
video sequence. More specifically, within the first  frames,
the ACD algorithm is not applied. We just use empirical
values for the complexity control parameters. After frame
n (1 ≤ n ≤ 0 ) is encoded, we record the video encoding
distortion D(n) and computational complexity C(n). Also
initialize the action and critic network.
Step-2: Model Update. Based on the video encoding statistics of past  frames {[D(n), C(n)]|1 ≤ n ≤ }, update the
model parameters in (21) as explained in Section IV-C. With
the updated encoder model, estimate the next encoder state
X(n + 1) with the current action A(k) and current state X(n).
Step-3: Action Network. Based on the current encoder
state X(n), the action network determines the next action
A(n + 1) and updates its weights which aim to minimize the
performance metric J(n), as explained in Section IV-B.
Step-4: Critic Network. With the new action A(n + 1) and
estimated encoder state X(n + 1), the critic network computes
the performance metric J(n + 1) and update its weights, as
explained in Section IV-A.
Step-5: Video Encoding. The video encoder uses the new
action A(n + 1) to control its motion estimation and MB
encoding modules and encodes the (n + 1)th video frames.
The corresponding video encoding distortion D(n + 1) and
computational complexity C(n + 1) are then recorded.
Step-6: Loop. Repeat Steps 2–5 until all frames are encoded.
It can be seen that the major computational complexity of
the proposed algorithm lies in updating the network weights,
as discussed in Section IV. Note that the weight update only
involves a small number of arithmetic operations and function
evaluations. Therefore, the proposed algorithm has very low

computational complexity. According to our simulation experience and rough estimation, its complexity is less than 5% of
the video encoding complexity.
With slight modifications, the proposed ACD algorithm
can be also extended to other video encoders with different
complexity control parameters. In typical/standard video encoding, such as H.264 and MPEG-4, the number of major
parameters that we can control and have signiﬁcant impact
on the overall encoder complexity are limited, typically less
than 10. For example, one can choose the number of motion
search positions, the number of reference frames, the number
of coding modes, frame rates, etc., as complexity control
parameters. Note that the major complexity of the proposed
ACD algorithm lies in two neural networks, more specifically,
the back-propagation process. According to [9], the complexity
of training a neural network and updating its weights increases
in a linear or quadratic fashion with the total number of
network inputs (or control parameters). Therefore, we expect
that the overall complexity of the ACD control algorithm will
be within a reasonable range when applied to different video
encoders. In practice of energy minimization, the device is
operating for hours. We do not need to control and adjust the
encoder at the frame-level. It will be sufficient to adjust the
encoder parameters for every few seconds or even minutes, or
after scene changes. In this case, the overall control complexity
will be significantly reduced.

34

Fig. 8.

IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 20, NO. 1, JANUARY 2010

Convergence of control parameters on Foreman sequence.

Fig. 11. Comparison between optimal operational performance and ACD
control on Football sequence.

Fig. 12. Subjective video quality comparison between optimal operational
performance (top) and online ACD control (bottom).
Fig. 9. Comparison between optimal operational performance and ACD
control on Foreman sequence.

Fig. 13.

Convergence of encoder states on the Combo video.

Fig. 10. Comparison between optimal operational performance and ACD
control on News sequence.

VI. Experimental Results
We have implemented the ACD-based algorithm for online
complexity control and energy minimization in MATLAB.
This MATLAB control module interacts with a real-time
MPEG-4 video encoder. We use a GOP (group of picture)
size of 50 with the first frame as an Intra frame. This
MPEG-4 encoder has an internal rate control algorithm [8]
to adjust its quantization step size to achieve the target bit
rate. After encoding a video frame, the encoder sends the
encoder statistics, including video coding distortion D(n) and
power consumption P(n), to the MATLAB control module.

Fig. 14. Video quality comparison between the optimal control and the
proposed ACD control on the Combo sequence.
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The control module determines the action A(n + 1) for the
next time step and sends this control signal to the encoder. The
encoder will use this information to control the computational
complexity of its motion search and MB encoding modules.
Since the proposed algorithm has very low computational
complexity, this MATLAB control is able to run in real-time
simultaneously with the video encoder.
The test videos used in this paper are standard test video
sequences, including Foreman, News, and Football QCIF
(176 × 144) videos. As discussed in Sections IV and V, we
use the number of SAD computations and frame rate as the
complexity control parameters, namely, the encoder actions
X(n). We use the number of processor cycles per second
used by the video encoder to measure the encoder complexity
C(n). At frame n, the proposed online complexity control and
energy minimization algorithm will determine the complexity
control parameters X(n) which aim to minimize the overall
distortion under a complexity constraint, or equivalently a
power constraint. Using the operational power-rate-distortion
analysis procedure outlined in Section II, we obtain the true
optimum complexity control parameters and the corresponding minimum video distortion. We then compare the video
distortion obtained by our algorithm against the true minimum
distortion.
Figs. 6–9 show the experimental results for Foreman. In
this experiment, the coding bit rate is set to be 96 kb/s (bits
per second). Fig. 6 shows the performance metric function
J(n) generated by the critic network. We can see that after 20
frames, J(n) converges to a stable condition, which implies
that the effective performance metric function has been captured by the critic network. This performance metric function
will be used by the action network to determine the encoder
actions, which aim to maximize the overall performance over
the entire process. Fig. 7 shows the convergence behavior of
encoding distortion D(n) and C(n) of the first 45 video frames.
Fig. 8 shows the sequence of encoder actions A(n) determined
by the action network and used by the video encoder. In Fig. 9,
we compare the actual complexity–distortion curve obtained
by our algorithm and the true optimum one obtained by
operational P-R-D analysis. The horizontal axis represents the
encoder computational complexity. It can be seen that the actual video coding distortion (measured in PSNR, peak signalto-noise-ratio) is very close to the true optimum, especially at
higher PSNR values. The average and maximum gap between
them are about 0.3 dB and 1.0 dB, respectively. Figs. 10 and
11 show the experimental results for News encoded at 64 kb/s
and Football sequence encoded at 256 kb/s, respectively. We
observe that, in the News sequence, the convergence speed of
encoder control parameters is slower than that of Foreman.
This is because the News video has less object motion than
the Foreman sequence and the encoder performance is much
more sensitive to changes in encoder actions. Fig. 12 shows
three sample video frames encoded by the MPEG-4 encoder
with optimal complexity control (top) and online ACD-based
complexity control. It can be seen that they have nearly
the same visual quality. All the above experimental results
demonstrate that the proposed online complexity control
algorithm achieves a near-optimum performance.
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Next, we evaluate the performance of the ACD algorithm
on input videos with scene changes. To this end, we create
a Combo video by concatenating the first 50 frames of NBA,
Coastguard, and Stefan (176 × 144) videos. We set the target
encoding bit rate to be 256 kb/s. Fig. 13 shows the complexity
control parameters. It can be seen that the encoder is able to
adapt its control parameters to scene content changes in the
input video through online learning and converge to a steady
state quickly. Fig. 14 shows the video quality with ACD control against the ground-truth obtained from offline operational
P-R-D analysis. It can be seen that the quality gap is a little
bit larger than those in the previous three experiments. This
is because, during online complexity control, the algorithm
does not have access to statistics of future frames. These types
of decisions on encoder actions based on partial information
will cause performance degradation, especially for videos with
scene changes.
VII. Further Discussion and Concluding Remarks
Online complexity control and energy minimization for
real-time video encoding is a complicated adaptive control
process. The encoder needs to select a sequence of actions
which are able to maximize the overall performance, or more
specifically, minimize the overall video coding distortion,
under a complexity/power consumption constraint. To solve
this problem, we explored the adaptive critic design, a recently
developed method for adaptive control of complex systems, for
online complexity control and energy minimization of realtime video encoders. We have studied the power consumption
behavior of a real-time embedded video encoding system. We
present the operational P-R-D analysis which is used to obtain
the true optimum performance for performance evaluation. We
present the specific adaptive critic network design for real-time
video encoding. Our experimental results demonstrate that the
proposed algorithm achieves near-optimum performance.
In this paper, we use two parameters, i.e., the number
of motion search positions and frame rate, to control the
computational complexity of the video encoder. According
to our simulations, these two control parameters are very
effective, scaling down the overall encoder complexity by
up to 10 times, i.e., nearly 10% of the original complexity.
Certainly, in practical video encoding over portable devices,
a video encoder will also have other energy-consumption
modules, such as memory access. A recent study [10] shows
that with proper encoder pipeline and data flow optimization,
the energy consumption of memory access only contributes to
a relatively small part (about 12%) of the total encoder energy
consumption.
We do recognize that our current online energy control and
optimization algorithm has an average of 0.5 dB (sometimes
up to 1–2 dB) in performance loss, especially for videos
with strong motion when compared to the offline brute-force
optimization scheme. In our future work, we shall investigate
more efficient control and optimization algorithms to reduce
this performance gap. We shall also implement the proposed
algorithm in a portable video encoding system and evaluate its
performance in complexity control and energy minimization.
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We shall also study how the algorithm is able to handle
uncertainty or modeling errors of the video encoder, since
sometimes it is hard to establish an accurate behavior model
for complicated video encoders, such as H.264.
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