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Abstract—Adaptive Link Rate (ALR) is widely used to save
energy consumption of network by adjusting the link rate according to the carried traffic through a network-level optimization
of the flow allocation process. Existing ALR solution is mainly
reactive, in which link speed is changed only when new traffic
demand is requested. Also, they focus on energy consumption,
and do not consider the cost of changes in the network (e.g.,
change in traffic routes, and link rates). Once bandwidth has
been allocated for a demand, the link rate remains constant
during the entire session. Therefore, this solution may result in
sub-optimal schemes and requires multiple re-optimizations as
traffic flows are fluctuating during the session, hence reducing
the overall network performance. In this paper, we improve the
ALR with a multiple-step-ahead method to optimize link rates
based on forecasting traffic demand predictively. We formulate
the proposed Predictive ALR (PALR) as an Integer Linear
Programming (ILP) model and then design a heuristic simulated
annealing (SA) -based algorithm to solve it. Our experimental
results show our approach provides energy saving while it
decreases on average 18% of link state transition and 11% of
the flow reroutings compared to the original ALR.
Index Terms—Adaptive Link Rate (ALR), Multiple-StepAhead Traffic Prediction, Energy-Aware Routing (EAR)

I. I NTRODUCTION
Energy consumption of the communication systems contributes a considerable fraction of networking costs and
environmental-related concerns [1]. The network power consumption is independent of the offered traffic load and remains
high even during underutilized periods [2]. Power proportionality in network devices is a technique to address this problem
[3]. A network element is said to be energy-proportional if its
power consumption is proportional to its carried traffic. There
are two main approaches to providing energy proportionality
[3]: (i) deactivating (or powering off) the device during idle
periods, and (ii) using adaptive link rate (ALR). In the first
approach, data is sent faster in the active interval to have a
longer sleep interval. In the second approach, link speed is
decreased when the link is underutilized. It is based on the fact
that the interface cards with lower transmission rates consume
smaller amounts of power [4].
ALR has been employed in energy-aware routing (EAR)
methods to optimize the network energy consumption [2]. In
ALR-based EAR, the network resources and link capacities
are adapted to the traffic load to ensure energy conservation.
It forms a mixed integer programming (MIP) optimization
problem with energy consumption as its objective function
[4]. The control variables are the paths of the flows and

states of the links. It examines the possible flow allocations to
minimize power consumption while guarantees the network
performance. This centralized approach uses the global network and traffic information available through the network
controller as input to the optimization process.
In networks with static nonvarying traffic, the instance of
ALR-based EAR problem does not change over time, and it
needs to be solved just once the flows are established. Thus,
the network configuration is stable under this assumption. The
network configuration is defined as the set of selected paths
for traffic flows and the link states. In contrast, in networks
with time-varying flows, the instance of optimization problem
evolves across time due to changes in traffic demands. In
this case, we need to solve a sequence of ALR-based EAR
problems repeatedly, and constantly reconsider the network
configuration. At each iteration of optimization, there might
be some differences between the optimal solution and the
actual network configuration. Since the optimum configuration
changes over time in response to the dynamically changing
traffic demands, the network must be reconfigured at each
iteration to have the minimum energy cost. The network
reconfiguration includes the traffic flow reroutings and the link
state transitions.
The network reconfigurations introduce instability to the
system and decrease the QoS [5]. A link rate transition leads
to packet loss and delay because it requires a considerable
amount of time [6], and the link is not functional during
the transition time. Also, flow rerouting affects the order of
packets, and they can be received out of order. The number of
reconfiguration needs to be minimized to avoid their negative
impacts [5]. To the best of our knowledge, previous ALRbased EAR studies did not consider the effects of network
reconfigurations in their path optimization.
This work aims to reduce the number of network changes
in the periodic ALR-based EAR. Our approach is to select
a network configuration in each time-slot which can achieve
the following objectives: (i) it reduces the network energy
consumption in the current time-slot, and (ii) it needs the minimum number of changes to adapt to the traffic demands in the
future time-slots. Unlike existing ALR-based EAR approaches
which considered the first objective, this approach does not
focus only on the energy consumption in the current timeslot. It also considers the future changes in traffic demands and
proactively plans to avoid significant network reconfigurations
in future time-slots. Our approach stabilizes the network by

selecting a configuration which needs a few changes to be
adapted to the future traffic demands.
A prediction algorithm is required in this approach to forecast the traffic demands in future time-slots and to eliminate
the temporary reconfigurations. Any multiple-step-ahead timeseries predictor can be exploited to achieve the predicted
values. However, in order to fix a model, we employed our
multiple-step-ahead prediction algorithm [7]. It models the
traffic multiscale behaviour using a set of Gaussian Process
Regression (GPR) learners. GPR is a kernel-based learning
algorithm which can handle traffic characteristics such as
short/long range dependency, self-similarity, and periodicity
[8]. In [7], we showed that our multiple-step-ahead prediction
algorithm outperforms other time-series predictors.
The contributions of this work are as follows:
• We design an innovative energy-efficient framework using the multiple-step-ahead prediction of the traffic load
which is called Predictive ALR (PALR). It reduces the
network energy consumption and avoids the QoS degradation.
• We formulate the optimization problem based on integer
linear programming (ILP) to minimize both energy and
reconfiguration costs.
• We advocate a heuristic algorithm based on simulated
annealing (SA) which efficiently solves the ILP problem.
The remainder of this paper is organized as follows: Section
II provides a summary of the existing work in ALR and traffic
prediction. The ALR-based EAR is explained in Section III.
Section IV describes the proposed approach. The experimental
results are reported in Section V, and finally, the conclusion
is drawn.
II. R ELATED W ORK
ALR is an energy saving technique which establishes a
relationship between the traffic workload and the power consumption. It consists of three broad classes according to its
operation timescale [9]: (i) Demand-timescale rate adaptation
(DTRA) with the period ranges from seconds to minutes,
(ii) Packet-timescale rate adaptation (PTRA) which works in
timescales of microseconds to milliseconds, and Bit-timescale
rate adaptation (BTRA) that involves nanoseconds periods.
The BTRA and PTRA techniques apply to the individual
network devices in the hardware-level and link-level solutions.
They have been studied for real-time applications and different
network protocols [10]. Also, the power-proportionality gained
by embedding these techniques in various interfaces including
small form-factor pluggable (SFP) modules and integrated
twisted-pair Ethernet ports has been measured [9]. While the
PTRA and BTRA techniques provide significant power saving
[9], they cause performance degradation by triggering many
state transitions [6].
The DTRA methods have been involved in the networklevel solutions also known as energy-aware routing (EAR)
algorithms applied to different networks such as SDN [11],
and data center networks [12]. In EAR, the energy saving

TABLE I
M ODEL NOTATION
Variable
L
S
es
cs
ul (t)
vl,s (t)
K
dk (t)
Pk
wp,k (t)
E(t)
R(t)
O(t)
It
T

Description
the set of links in the network
the set of possible states for a link
interface power consumption in state s
link capacity in state s
utilization of link l at time t
a binary variable which is equal to 1 if link l operates in
state s at time t
set of all the traffic flows in network
bit-rate of flow k at time t
set of precalculated paths for flow k
a binary variable which is equal to 1 if path p has been
selected for flow k at time t
network power consumption at time t
number of reconfigurations from time t − 1 to t
Value of cost function at time t
available traffic information at time t
prediction horizon (the number of future steps of traffic)

problem is solved as a multicommodity flow (MCF) optimization model considering the speed-power curve of the
networking devices. The volumes of the traffic demands are
used as inputs to the MCF optimization. Unfortunately, in
the presence of variable traffic, the network re-optimization
imposes many reconfigurations which are the consequences
of the temporal flow allocations and link speed transitions.
Our proposed algorithm integrates traffic prediction into the
EAR at the demand-timescale (e.g., DTRA).
Traffic forecasting can be used to avoid transient routing
decisions. It computes future traffic demands for decisionmaking process. In [13] a PTRA method has been proposed
which relies on traffic forecasting to estimate the number of
packets that may arrive in the next time interval. In [14], a
time window prediction (TWP) scheme has been proposed to
reduce erroneous periods of sleep. Unlike prior predictionbased energy-saving proposals which employ forecasting in
packet-timescale link-level solutions, in this work, we employed traffic prediction in demand-timescales on the network
level. The prediction algorithm used in this paper has been
proposed in [7]. It is based on Gaussian process regression
(GPR) framework [8]. It exploits multiscale traffic behavior
to reduce error propagation in multiple-step-ahead prediction.
In [7], we showed this algorithm outperforms powerful timeseries predictors.
III. P ROBLEM D EFINITION
ALR has been proposed to reduce network power consumption. Network interfaces consume a notable portion of energy.
Since the interface power consumption is independent of its
utilization [6], ALR adjusts the interface capacity according
to the link utilization to minimize the required energy. Generally, interfaces consume a lower amount of energy while
they operate with lower capacities. There are ALR schemes
with two-state interfaces. For examples, in Energy Efficient
Ethernet (EEE) which has been introduced in standard IEEE
802.3az, interfaces support two states: a normal mode, and a

TABLE II
L INK POWER CONSUMPTION IN DIFFERENT STATES [3]
State
s
1
2
3

Rate
cs
100Mbps
1Gbps
10Gbps

Power Consumption [mW]
es
351
697
2600

Fig. 1. Discrete step function of link power consumption E(fl )
Fig. 2. The proposed Framework for PALR

low power idle (LPI) mode [3]. In a general ALR schema,
interfaces operate in S states (Table I presents the notation).
For example, the three-state configuration illustrated in Table II
has been derived from technical documents of Ethernet devices
[3]. The discrete step increasing function E(ul (t)) in Figure
1 gives the power consumption of ALR-enabled link l with
load ul (t) based on Table II. Power consumption decreases
with transmission rate (i.e. es−1 < es ⇔ cs−1 < cs ).
The goal is to minimize the overall power consumption
while preserving adequate link capacity for the flows. There
are K flows in the network and a set of precalculated paths
for each flow. In the case of constant demands, the ALRbased EAR is solved when the flows are established. The
optimization at time t0 can be formulated as:
XX
minimize
es vl,s (t0 )
(1)
l∈L s∈S

subject to :
X

wp,k (t0 ) = 1

∀k ∈ K

(2)

X

vl,s (t0 ) = 1

∀l ∈ L

(3)

p∈Pk

s∈S

X

(vl,s (t0 ) · cs ) ≥ ul (t0 )

∀l ∈ L (4)

s∈S

wp,k (t0 ) ∈ {0, 1} equals 1 if path p ∈ Pk is selected for
flow k at time t0 . Variable vl,s (t0 ) ∈ {0, 1} equals 1 if link
l is in state s at t0 . Objective function (1) considers only the
energy consumption. Constraint (2) guarantees that there is no
unallocated flow. Equation (3) means link l operates only in
one state during time-slot t0 . Equation (4) ensures the link
capacity is more than the load on the link. The traffic load on
link l at t is the sum of traffic demands that are routed on l:
X X
ul (t) =
wp,k (t) · dk (t)
∀l ∈ L.
(5)
k∈K ∀p:l∈p

There are situations when demands are not constant, and
dk (t) takes different values in successive intervals. In such
cases, the routing configurations (i.e. wp,k (t) and vl,s (t)) must
be adjusted in every time-slot to maintain the optimal power
consumption. These network re-optimizations provoke a vast
number of changes (i.e., flow rerouting, and link state transitions) which significantly reduce the network performance.
Therefore, the ALR-based EAR needs to compromise between
two targets in each re-optimization. On the one hand, the
network must be energy efficient according to the current
demands. On the other hand, the number of modifications to
the configuration must be minimized. In this work, we propose
an effective approach to achieve this trade-off. In our approach,
the selected configuration minimizes the power consumption
in current time-slot while it needs the least number of changes
to become adapted to the demands in future time-slots.
IV. P REDICTIVE ALR
This section explains our proposed Predictive ALR (PALR)
framework shown in Figure 2. Traffic is monitored using
the SDN controller. After performing flow analysis on the
observed traffic data, feature vectors are extracted and stored
in a database. The historical data in the database is used
for initializing and training the predictor which estimates the
future steps of traffic given a new sample. The outcome of the
predictor is used in the optimization to find the optimal paths
for flows. The elements of the framework are explained in this
section.
A. Traffic Sampling and Flow Analysis
The traffic sampling and the flow analysis modules monitor
and collect the traffic samples for each flow. The definition of
traffic flow depends on the type of network. For example, in an
IP network, all the packets that have the same protocol type,

Fig. 4. Multiple-step-ahead traffic prediction algorithm [7]
Fig. 3. Traffic Sampling and Feature Extraction

source/destination IP, and source/destination port belong to the
same traffic flow. In the networks where there is a massive
number of traffic flows, it is not applicable to track and monitor
all the flows. Instead, to reduce the monitoring and prediction
overhead, it is possible to observe only the big flows. It is
well-known that a large portion of traffic is carried by a
small number of flows called big flows (or elephant flows).
In [15], prediction of elephant flows has been employed to
manage inter-data-center traffic. The energy consumption can
be optimized by managing the big flows inside the network
while the small flows (or mice flows) can be routed using
a general-purpose routing algorithm. So, there is no need to
monitor and track small flows. The flow analysis has to provide
the information of upstream and downstream traffic flows.
B. Feature Extraction and Traffic Prediction
The goal of this part is to train a prediction algorithm with
horizon T . Prediction horizon (T ) is defined as the number
of future time-slots that are predicted by the algorithm. First,
we need to extract the features of traffic samples and create
¯ = (d(t), d′ (t)) as the bandwidth
a training set. Consider d(t)
′
utilization of flow at t where d(t) and d (t) are upstream and
downstream values respectively. A traffic sample (xt , yt ) is
composed of feature vector xt , and multivariate label yt . The
length of the feature vector is m while m/2 samples are taken
from upstream and m/2 samples are from downstream:
xt

=

[d(t − 1), d(t − 2), ..., d(t − m/2),
′

′

′

d (t − 1), d (t − 2), ..., d (t − m/2)].

(6)

Since there is a relation between upstream and downstream
demand, both are used in the feature vector to increase the
prediction accuracy. The length of multivariate label yt is equal
to the prediction horizon T . It includes future values of flows:
yt = [d(t), d(t + 1), ..., d(t + T − 1)]

(7)

Figure 3 illustrates the feature extraction for upstream traffic
′
at t = 53. The bit-rates of d(t) and d (t) are shown in Figure

3.a. Figure 3.b presents traffic sampling at the time-scale of 1
minute. Length of feature vector x53 is 10 while 5 samples are
′
from d(t), and 5 samples are from d (t). Length of multivariate
label y53 = [d(53), d(54), d(55)] is equal to T = 3. The
samples that are generated in this examples are utilized for
3-step-ahead prediction of upstream demand. The samples for
downstream prediction have the same feature vector. Unless
′
their labels include the future steps of d (t).
Database D = {qti | i = 1, 2, ..., N } includes N historical
traffic samples from different flows. D is used to train a
supervised machine learning algorithm f . At time t, predictor
′
f uses xt as input to predict yt :
′

f (xt ) = yt

(8)

yt = [d(t), d(t + 1), ..., d(t + T − 1)] + εt

(9)

′

′

where yt is the estimation for yt , and εt is the prediction error
(a vector with length T ). The proposed framework for the
ALR-based EAR (in Figure 2) is not restricted to a particular
prediction algorithm, and it is possible to employ any predictor
including ARIMA, FARIMA, LSTM, etc.
We employed our multiple-step-ahead traffic predictor proposed in [7]. Unlike other time-series predictors, it has been
designed based on traffic characteristics. The key idea behind
this algorithm is the multiscale behavior of traffic. It employed
traffic information from different time-scales to reduce error
propagation. The workflow model of our algorithm is presented in Figure 4. It consists of two steps. There are H GPR
experts in Step 1 which predict traffic at different time-scales.
In Step 2, the outcomes of experts f h+1 and f h−1 are merged
and used to predict h-th step ahead value of traffic (d(t0 +h)).
C. Route Re-optimization
The optimization module selects the optimal routes for the
traffic flows to reduce network energy consumption and to
minimize future reconfigurations in the network according to

the predicted bandwidth of flows. Network power consumption
at t is computed as:
XX
E(t) =
es vl,s (t)
(10)
l∈L s∈S

The number of reconfigurations in the network at time t is:
1 XX
R(t) =
|vl,s (t) − vl,s (t − 1)|
2
l∈L s∈S
1 X X
|wp,k (t) − wp,k (t − 1)| . (11)
+
2
k∈K p∈Pk

R(t) is the sum of the number of link state transitions and the
number of flow reroutings. The goal is to find a network configuration that minimizes the power consumption (in current
time-slot) and needs the least number of modifications to stay
optimal (in future time-slots). Ot is the cost function at t:
O(t) =

E(t)
R(t)
+
.
Emax
Rmax

(12)

Rmax is the maximum number of changes in one iteration:
Rmax = K + L.

(13)

X

O(t)

(14)

t∈T

subject to :
X

wp,k (t) = 1

∀t ∈ T , ∀k ∈ K (15)

X

vl,s (t) = 1

∀t ∈ T , ∀l ∈ L (16)

p∈Pk

s∈S

X

(vl,s (t) · cs ) ≥ ul (t)

Input: Amin , Amax , Ad , Imax
Output: V ∗ , W ∗
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:

It means there are K flows that can be rerouted and L links
that their rate can be switched. The maximum consumption
(Emax ) is achieved when all the interfaces are working with
maximum capacity. O(t) is the sum of two normalized terms,
and it takes values in the range [0, 2].
Network is re-optimized at the end of each time-slot. At t0 ,
the optimization model considers the traffic data in the range of
time-slots T = {t0 + i | i = 0, ..., T }. The current volumes of
demands ({dk (t0 ) | k ∈ K}) are known, and predictor f gives
the volumes of demands during the next T steps ({dk (t0 + i) |
k ∈ K, i = 1, ..., T }). Our proposed optimization model is:
minimize

Algorithm 1 Simulated Annealing

∀t ∈ T , ∀l ∈ L (17)

s∈S

The model discussed in Section III (i.e., ALR-based EAR
without prediction) and the proposed model (i.e., ALR-based
EAR using prediction) are mainly different in their objective
functions. The former focused on the consumption in current
time-slot while the latter considers consumption and number
of changes during current and future steps. Both models are
NP-hard problems. The computational requirements of the
proposed model increase exponentially by the rise in the
number of precalculated paths, the number of traffic flows, and
length of prediction horizon T . There are different approaches

A = Amax , V = V̄ , W = W̄ , O∗ = ∞, i = 1
O = Cost(V, W )
while A ≥ Amin do
if V alid(V, W ) and O < O∗ then
V ∗ = V, W ∗ = W, O∗ = O
end if
′
(V , W ′ ) = GenerateN eighborSolution(V, W )
′
′
′
O = Cost(V , W )
r = GenerateRandomN umber()
i=i+1
′
if P r(O, O , A) ≥ r then
′
′
′
V =V , W =W , O=O
end if
if i ≥ Imax then
A = Ad · A, i = 1
end if
end while
return V ∗ , W ∗

to resolve such an NP-hard problem. For example, the ALRbased EAR (without prediction) has been solved using a
greedy algorithm in [4]. In this work, we designed a heuristic
algorithm based on simulated annealing (SA) that efficiently
solves the problem.
Simulated annealing [16] has been motivated by the physical
process of heating a material and then slowly lowering the
temperature to minimize the system energy. It is a popular
algorithm for finding the global optimum in a large search
space with many local optimums. SA accepts solutions that are
worse than the current solution with some probability to escape
local optimums during the search process. The probability of
accepting a worse solution lowers with a control parameter
called temperature. SA explores the search space when the
temperature is high, and it converges as the temperature is
decreasing. Also, the probability of accepting a worse solution
has a direct relationship with the difference between the
objectives of the current and new solution. SA needs four
parameters: starting temperature (Amax ), ending temperature
(Amin ), temperature decrement (Ad ), and the number of
iterations at each temperature (Imax ). Generally, Amax is set
to 1, and Amin is set to a value close to zero (e.g., 0.000001).
Algorithm 1 presents the proposed SA method. Temperature
is initially set to Amax and decreased to reach Amin . SA
starts from an initial solution (V̄ and W̄ ) and generates a
′
′
random neighbor (V and W ) of the current solution (V and
W ) in each iteration. The generated solution is accepted (and
′
becomes the current solution) with probability P r(O, O , A):


′
′
P r(O, O , A) = exp − O −O
A

(18)

Fig. 5. Comparison of traditional model and the proposed model with different prediction horizons

Fig. 6. multiple-steps-ahead prediction on the Abilene network traffic data at
time-scale of 15 minutes
′

where A is the current temperature and O and O are respectively the costs of current and generated solutions. Note that
the new solution is accepted if it has a lower cost compared to
′
the current solution (because P r(O, O , A) takes a value more
than 1). In algorithm 1, V and W determine the configuration:
V = {vl,s (t) | ∀s ∈ S, ∀l ∈ L, ∀t ∈ T } ,

(19)

W = {wp,k (t) | ∀k ∈ K, ∀p ∈ Pk , ∀t ∈ T } .

(20)

The initial point (V̄ and W̄ ) is a solution in which the
current configuration at t0 − 1 remains unchanged during
T . Cost(V, W ) is calculated using Equation (12). Boolean
function V alid(V, W ) returns T rue if V and W satisfy
Equations (15), (16), and (17). GenerateRandomN umber
returns a random value between 0 and 1. Function
GenerateN eighborSolution gives a random neighbor solution. Starting from current solution, it selects a random flow k
and a random path in Pk to route k on Pk at a random time-slot
′
t ∈ T . The new route for k remains unchanged in the next
′
time-slots t (when t ≥ t ). Then, it randomly changes the link
states in the previous and new routes considering constraints
′
(16) and (17) at time-slots t ≥ t .
V. E XPERIMENTAL R ESULTS
A. Setup
We used the topology and the traffic traces from the Abilene
network in our experiments. Our tests have been done at the
timescale of 15 minutes. Hence, the network configuration is

updated every 15 minutes. An instance of the multiple-stepahead predictor has been used. It has been trained only once at
the beginning with m = 10 using 3000 samples. The prediction is made for each flow separately. Energy consumption of
network links are given in Table II. We emulated 500 traffic
flows based on the data of real traffic flows collected from
Abilene nodes during 2007-01-01 and 2007-10-14 [17]. There
are at most 3 precalculated paths (3 first shortest) between
each pair of nodes in the network. We performed the repeated
network optimization using two models: ALR-based EAR
with/without prediction. The optimization problems have been
solved using SA in Algorithm 1. In each iteration, the number
of link state switches, the number of reroutings, and the total
energy consumption are measured.
B. Results
The prediction error of our multiple-step-ahead prediction
algorithm (i.e., Multiscale Predictor) has been shown in Figure
6. The prediction error is measured using Normalized Mean
Squared Error (NMSE) [7]. The model has been compared
to 3 well-known time-series predictors (ARIMA, FARIMA,
and LSTM). Fig. 6 includes 8 steps ahead prediction results
(T = 8) while the time-scale is 5 minutes. The prediction
error of different predictors increases with T . In the first
steps, the algorithms have almost the same performance. The
propagation of error in our algorithm (i.e., the Multiscale
Predictor) is less than other predictors.
Figure 5 illustrates the comparison of network optimization
using different models. The horizontal axis shows the average
link utilization. Different levels of utilization are achieved by
increasing the bit-rate of traffic flows. In Figure 5.a, the results
of energy saving for different approaches (compared to the
maximum consumption) are shown. The network consumes
the maximum power when there is no ALR and the interfaces operate with maximum capacity. Figures 5.b and 5.c
respectively show the percentage of interfaces that need state
transition and the percentage of flows that must be rerouted
in each iteration.
According to Figure 5.a, the ALR-based EAR without
prediction saves 70% of energy consumption when the average
link utilization is 10%. It has better performance for energy

Fig. 7. Performance of the proposed model using different prediction horizons

saving compared to the proposed approach. However, it causes
a large number of network modifications. For example, according to Figures 5.b and 5.c, when the average link utilization
is 10%, it changes the state of 35% of interfaces and reroutes
12% traffic flows in each iteration (i.e., every 15 minutes)
which lead to significant QoS degradation. As shown, our
proposed algorithm (ALR-based EAR with prediction, T = 1)
saves 60% of energy which is less than traditional algorithm
(ALR-based ERA without prediction). However, it changes
only 9% of the link states and around 5% of the routes.
This means the ALR-based EAR using prediction provides
a trade-off between energy saving and network changes. This
results are almost the same for ALR-based EAR with longer
prediction horizons (T > 1). As the T increases, the energy
saving drops slightly. At the same time, the number of changes
to the network is reduced significantly.
Figure 7 shows the performance of LRA-based using prediction with different prediction horizons. The percentage of
network reconfigurations is decreased (according to Figures
5.b and 5.c) from T = 1 to T = 5. However, as the
prediction error raises, the performance of the model (for
reducing the number of changes) decreases. So, the number
of reconfigurations increases when T ≥ 6. Therefore, T is
limited by the level of prediction error.
VI. C ONCLUSION
We provided an optimization framework for networks with
fluctuating traffic demands using ALR-based EAR. Traffic
prediction has been involved in the proposed approach to
proactively control the number of changes and preserve QoS
during network re-optimizations. The optimization problem
has been formulated as a ILP model and solved using a
SA algorithm. Our results confirm the proposed approach
significantly reduces the number of changes while it provides
energy conservation.
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