QoS based Resources Allocation in Wireless Ad-hoc Networks

1 Introduction

To provide QoS based services, one needs to allocate his resources in an efficient and fair manner. This in turn needs to re-define allocation schemes of several QoS attributes like bandwidth, delay and packet loss etc. The allocation schemes are reasonably different for wired and wireless networks, because of the nature of the wireless networks. Wireless networks [1] are inherently limited by battery power and bandwidth constraints. They are characterized by mobility, random changes in connectivity, fluctuations in channel and interference due to neighboring nodes etc.

So, to have QoS based resource allocation in wireless networks, the allocation schemes should be adaptive to the channel variations. This is more complicated in ad-hoc networks. This is because of the need of co-operation among the users with limited resources on bandwidth, battery power etc. In this report, we have highlighted the various issues and constraints for providing QoS in wireless ad-hoc networks. We have considered a cost and incentive based approach [2] (pricing based approach) in this report. Our approach consists of:

1. Pricing based resource allocation by maximizing individual and social optimality condition.

2. Solving social optimality condition with constraints on signal to interference to noise ratio (SINR), delay and data rate.

3. Use of battery cost as a function of transmission power and duration of transmission of wireless nodes.

1.1 Related Work and Contribution

Few papers discuss QoS based resource allocation in wireless ad-hoc networks. Out of them, [3] discussed various issues of QoS in wireless ad-hoc networks. It focused on QoS routing and issues related to ad-hoc networks. [4] used convex optimization for QoS and resource allocation for ad-hoc networks. Though it considered delay as a constraint, it did not consider queuing delay at nodes. Queuing delay is important in the design of multi-hop ad-hoc networks. Dynamic bandwidth management based ad-hoc networks (single-hop) is discussed in network [5]. Geometric programming based power control technique for resource allocation in ad-hoc networks is discussed in [6]. Another paper [7] discussed price-based bandwidth allocation scheme for ad-hoc networks. It defined demand and utility based objective function to provide resource allocation. It is based upon the Kelly’s work on “Charging and rate control for elastic traffic” [8]. Though Kelly’s original work was on wired network, we modified that for wireless network with addition of various parameters like channel condition, interference, battery cost etc. Another price based resource allocation was studied by [9].

In this project, we presented a price and incentive based resource allocation scheme for wireless ad-hoc networks, with data rate, delay and SINR constraints. We used Lagrangian Multipliers to solve a constraint based objective function. Our approach in this paper is based on our previous work on congestion control in wireless networks [10].

Figure 1: Feedback System Model Figure 2: System Model/Topology

2 Pricing based Problem Formulation

2.1 Pricing in Wireless Networks

Price is the amount that one node needs to pay, either to an operator or to any other node for transmitting its traffic. In real sense, individual node can either charge other nodes for forwarding their traffic or use that as a debit for future (forwarding its own traffic). In this paper, we consider cost is the price that one node needs to pay to other for using their nodes for relaying. Similarly, we consider incentive is the price, one gets from other users for forwarding their traffic.

2.2 System Model

We formulated our problem statement initially for a wired network, similar to [11] and [12] and then extended it to a static wireless network. We considered a feedback system model for our purpose as shown in Fig. 1, similar to [10]. The network in our discussion consists of N communicating nodes index by n ∈ N, connected by L communicating links indexed by l ∈ L as shown in Fig. 2. The nodes are associated with maximum capacity of transmission c_n based on service level agreement (SLA) or based on some hardware constraints, or based on channel conditions. Now, we write the routing matrix R as: R_{ln} = { 1 if, source n uses the link l 0 otherwise. (1) Each source n has an associated individual transmission rate x_n(t) in packets/sec. Node n forwards/relays other’s traffic as well as transmit its own traffic. If F (n) is the list of users for which node n relays traffic, and T (n) is the list of users for which node n relays and transmit traffic, then, T (n) = F (n) ∪ {n}. The aggregate flow y_n(t) in packets/sec, at each node n is defined as:

y_n(t) = ∑ n R_{ln}x_n(t − τ^f_{ln}) = x_n(t − τ^f_{ln}) + ∑ k x_k(t − τ^f_{ln}); k ∈ F (n), (2) where τ^f_{ln} is the forward delay between the source and sink as in [10]. The time scale of change of routing is higher than the time scale of our analysis. We assume stationary routing. Aggregate flow y_n at a node n in Eqn. (2) is the sum of one’s own contribution x_n and others contribution (relayed) E_n. We call the relayed traffic as external demand E_n at node n. So, Eqn. (2) is re-written as: y_n(t) = x_n(t) + E_n(t). If each link l is associated with price λ_l(t), as a measure of cost on using that link, then the aggregate price that a node needs to pay to send to its destination is expressed as: q_n(t) = ∑ l R_{ln}λ_l(t − τ^b_{ln}), (3) where τ^b_{ln} is the backward delay in the feedback path. We write round trip time (RTT) as τ_n = τ^f_{ln} + τ^b_{ln}. In vector form we write Eqns. (2) and (3) as: y = Rx; q = R^T λ. 2.3 Use of Control System Equations We use control system equations as in [12] to determine the equilibrium point (x^∗, y^∗, q^∗) for our system with the following assumptions: (i) resource allocation is characterized by a demand curve x^∗_n = f_n(q^∗_n), (ii) aggregate flow is less than or equal to the capacity of the link, i.e., y_n∗ ≤ c_n. In our case queuing delay exists at the nodes and packets may get dropped at the forwarding nodes. This is the fundamental difference between the systems used in [10] and in this paper. The demand curve specified above is a decreasing function of price, which is equivalent to use of an utility function U_n(x_n) defined by Shenker et al. [13]. This utility function is concave and continuously differentiable of x_n, in the range of x_n ≥ 0. At equilibrium, a source chooses its maximum profit by choosing local parameters as:

max_{xn} [ U_n(x_n) − q_nx_n ] , (4)

where, q = R^T λ. Since, by relaying others traffic one will earn, the individual optimality equation in (4) is modified as:

max_{xn} [ U_n(x_n) − q_n(x_n + E_n) + λ_nE_n ] ; s. t. x_n + E_n ≤ c_n (5)

2.3.1 Effect of Battery Power in Optimization The individual optimality equation in Eqn (5) is independent of power transmission, which is not true in wireless ad-hoc networks. This is because, the battery power is one of the limiting resources that needs to be properly allocated. Intuitively, the nodes will try to minimize transmission power and will charge for the amount of traffic it relayed for others. The individual optimality equation in (5) is modified as:

max_{xn} [ U_n(x_n) − q_n(x_n + E_n) + λ_nE_n − p_n(x_n + E_n) ] ; s. t. x_n + E_n ≤ c_n, (6) where, p_n is the cost of transmission per unit traffic at node n. We assumed uniform charging (pricing) for own traffic and relaying traffic. In practice, this may be different. We considered p_n as a function of battery availability and power of transmission P_n of the node. For simplicity, we considered p_n = e^{κ∗γ∗Pn} , where κ is a constant decided by the forwarding user and γ is the amount of battery available at that particular instant (is a function of time). 2.3.2 Social Optimization Since, all users will try to maximize their net utility as defined by Eqn. (6), the social optimality as in [14] will be possible, only when all the nodes/users get their maximum profit. So, we write the sum of all individual optimality as as: max ∑ [ U_n(x_n) − q_n(x_n + E_n) + λ_nE_n − p_n(x_n + E_n) ] ; s. t. X + E ≤ C;

where, X = {x_n}, E = {E_n} and C = {c_n} (7)

The objective function in Eqn. (7) is re-written as: max ∑ [ U_n(x_n) + λ_nE_n − (q_n + p_n)(x_n + E_n) ] (8)

Now, we write the social optimality equation for the above individual optimality (Eqn. (6)) as follows:

max_{X>0} ∑ n U_n(x_n) + U_n(E_n); s. t., X + E ≤ C, (9)

where U_n(E_n) is the utlity function of relaying traffic at node n. This is also a monotonic increasing function similar to U_n(x_n). Using Karush-Kuhn-Tucker (KKT) condition [15] on the social optimal equation as in [11], constrained global maxima point^{1‡} X^∗ = {x^∗_i } is expressed as: ∇ (∑ n U(x_n) + U_n(E_n) ) − ∑ n μ_n∇(X + E) = 0; ∀μ_n > 0, n ∈ N, (10)

where, μ_n are the Lagrangian Multipliers and are used as link prices (shadow prices) as discussed in [8] and [16]. μ_n in our formulation is defined as μ_n = p_n + λ_n. Hence, Eqn.10 is reduced to, [U^′_n(x_n) + U^′_n(E_n)] = μ^∗_n, at the global maximum point.

2.3.3 Modification for Wireless Network Case

As discussed in [17], power transmitted by a source is considered as a function of price and by appropriate power control of all nodes maximum aggregate throughput is attained. However, the power increase in one node has a direct impact on the data rates of other nodes due to interference. Hence, we modify the maximization Eqn (9) as follows:

max_{X≥0} ∑ n U_n(x_n) + U_n(E_n); s.t., X + E ≤ C(P ); P = {P_n}, P_n ≤ P_{nMax} , ∀n; P, X ≥ 0, (11)

where P_n is the transmission power of n^{th} node.

2.4 Fairness Based Utility Functions

2.4.1 Proportionally Fairness

A set X = {x_n}, n ∈ N is said to be proportionally [14] fair, if it feasible, and if for any other feasible set X^∗ = {x^∗_n}, then the aggregate of proportional changes is zero or negative: ∑ n x^∗_n−x_n x_n ≤ 0. As discussed in [8], the utility function for a proportional fair system is

U_n(x_n) = log x_n, which is strictly concave for x_n ≥ 0.

2.4.2 Max-Min and Min-Max Fairness

Max-Min fairness [18] is the most common fairness criterion used in practice. For X = {x_n}, n ∈ N max-min fairness exists, if any feasible x_n can’t be increased without decreasing for some other x_n ∈ X. The utility function for this kind of fairness is expressed as U_n(x_n) = max{min_{xn} (x_n)}.

Min-Max fairness [18] is also another common fairness criterion used in practice, which is almost opposite of the max-min fairness. For X = {x_n}, n ∈ N min-max fairness exists, if any feasible x_n can’t be decreased without increasing for some other x_n ∈ X. The utility function for this kind of fairness is expressed as U_n(x_n) = min{max_{xn} (x_n)}

1‡ Since the utility functions U(xn) and Un(En) are concave and increasing, KKT conditions are necessary and sufficient for a global maximum

3 Inclusion of QoS Parameters

3.1 Inclusion of SINR to Maintain Minimum Data Rate We considered a CDMA-based wireless network. Using Shannon’s capacity theorem, we determine the maximum capacity attainable in link n − j as: c_n = 1 T log(1 + M.SINR_n) packets/sec, (12) where T is the symbol period and M is a modulation constant. To maintain a minimum capacity c_n, node n needs to maintain its SINR. This is equivalent to maintaining SINR_n ≥ SINR_{thresh}; where SINR_{thresh} is the minimum SINR required. The requirement of SINR for a successful transmission boils down to power control in wireless network. 3.1.1 Power Control to Maintain SINR Using KKT and Lagrangian Multiplier, we solve Eqn. (11) as: ϕ_{system}(X, E, P, μ) = ∑ n U_n(x_n) + U_n(E_n) − ∑ n μ_n (∑ m x_m + E_m − c_m(P ) ) (13)

Maximization of ϕ_{system}(X, E, P, μ) in Eqn. 13 is decomposed as: max I(X, E, μ) = ∑ n U_n(x_n) + U_n(E_n) − ∑ n μ_n ∑ m (x_m + E_m),

max I(P, μ) = ∑ n μ_nc_n(P ), s.t., X ≥ 0; 0 ≤ P_n ≤ P_{nMax} (14)

The I(X, E, μ) in Eqn. (14) is solved by choosing appropriate x_n and E_n for a particular μ_n. I(P, μ) is solved by choosing appropriate transmission power of wireless nodes. We used Steepest Descent Method [15] to find out the optimum P_n [10] and is expressed as:

P_n(t + 1) = P_n(t) + Δ μ_n(t) P_n(t) − Δ ∑ j≠n m_j (t)G_{nj} , (15)

where Δ is a constant, called the step size in the direction of the gradient and m_j(t) is the interference received from node j (similar to message passing in [17]) to the node n and is defined as: m_j(t) =^{λj (t)SINRj (t)}

P_j (t)G_{jj} .

3.1.2 Shadow Prices The shadow prices μ_n is a combination of nodal prices due to buffer over flow and due to battery consumption. The nodal prices due to buffer overflow is modeled by M/M/1/B queue and is expressed [10] as: λ_n(t) =^{max} (_{0,(yn(t)−cn(t))}) y_n(t) for yn > 0 and is zero otherwise. We

have already discussed price due to battery consumption p_n in Section 2.3.1. 3.2 Maintaining Minimum Delay In ad-hoc networks the delay is mainly due to queuing delay at nodes, as the propagation delay and transmission delay are negligible. So, we consider queuing delay only in our discussion using an M/M/1/B queuing model as in [19]. E(T ) = E(N) Λ(1 − P_B )

, (16)

Figure 3: Price Variation - with Power Control

Figure 4: Data Rate - with Power Control

where E(T ) is the average delay, Λ is the arrival rate and P_B is the steady state loss probability of the system. P_B and E(N) are defined as

P_B = (1 − ρ)ρ^B 1 − ρ^{B+1}

; E(N) = ρ 1 − ρ − (B + 1)ρ^{B+1} 1 − ρ^{B+1}

(17)

where ρ =^Λ_ν and ν is the departure rate. So, to calculate the total end-to-end delay, one needs to take a sum of all nodal delays, which depends upon the arrival as well as the departure rate (E_n and c_n in our case) and the buffer level. So, a node can decide, whether to accept a particular route or not in advance. Which is equivalent to optimize c_n.

4 Numerical Results

We considered a simple topology as shown in Fig. 2 for our simulations. The transmitter receiver pairs in our case are 1-5 and 2-6. Both forward and reverse channel characteristics are same in our case. The channel gains are randomly chosen with a log-normal shadowing of σ = 8dB. The path loss factor γ is assumed to be 4. The utility function we used is for proportional fairness criterion. We simulated this using Matlab software [20].

4.1 Results

Figure 3 and 4 shows the variation of data rates and price respectively with respect to time. Parameter p_n is dominant at low battery stage and hence is increased as duration of activeness of the node increases. But, as time goes on, both price and data rates stabilized to a point, where social optimality is achieved. If node increases it’s data rate further, then that will result in paying more as both p_n and q_n will increase.

5 Discussion

We have considered minimum SINR, minimum data rate in our simulation. The resource allocation in our model satisfies the social optimality condition with both SINR and minimum data rate constraints. We have considered a simple topology for our simulation. A complex topology can be used to study other issues. Also, one can see the delay requirements during resource allocation.

References

[1] J. H. Schiller, Mobile Communications. Addison-Wesley, 2000.

[2] S. H. Low, F. Paganini, J. Wang, S. Adlakha, and J. C. Doyle, “Dynamics of tcp/red and a scalable control,” in Proc. of IEEE INFOCOM, vol. 1, pp. 239–248, June 2002.

[3] S. Chkrabarti and A. Mishra, “Qos issues in ad hoc wireless networks,” IEEE Communication Magazine, pp. 142–148, February 2001.

[4] D. Julian, M. Chiang, D. O’Neill, and S. Boyd, “Qos and fairness constrained convex optimization of resource allocation for wireless cellular and ad hoc networks,” IEEE InfoComm, 2002.

[5] K. C. Samarth H. Shah and K. Nahrstedt, “Dynamic bandwith management in singlehop ad hoc wireless networks,” Mobile Networks and Applications, vol. 10, pp. 199–217, February 2005.

[6] D. N. Mung Chiang, Chee Tan and D. Julian, “Power control by geometric programming,” Last visited on 18th March, 2005.

[7] Y. Qiu and P. Marbach, “Bandwidth allocation in ad hoc networks: A price-based approach,” IEEE InfoComm, 2003.

[8] F. P. Kelly, “Charging and rate control for elastic traffic,” European Transactions on Telecommunications, vol. 8, pp. 33–37, January 1997. Corrected version of the original paper is available at http://www.statslab.cam.ac.uk/∼frank/elastic.ps.

[9] K. N. Yuan Xue, Baochun Li, “Optimal resource allocation in wireless ad hoc networks:

A price-based approach,” Last visited on 18th March, 2005.

[10] H. K. Rath and A. Sahoo, “Congestion Control in Wireless Networks.”

Technical Report, IIT-Bombay, Mumbai, January 2005, (available at: www.it.iitb.ac.in/∼sahoo/technote.pdf).

[11] S. H. Low, “A duality model of TCP and queue management algorithms,” IEEE/ACM Transactions on Networking, vol. 4, pp. 526–536, August 2003.

[12] S. H. Low, F. Paganini, and J. C. Doyle, “Internet Congestion Control,” IEEE Control Systems Magazine, pp. 28–43, February 2002.

[13] S. Shenker, “Fundamental design issues for the future internet,” IEEE Journal on Selected Areas in Communication, vol. 13, September 1995.

[14] C. Courcoubetis and R. Weber, Pricing Communication Networks: Economics, Technology and Modelling. West Sussex, England: John Wiley and Sons, 2003.

[15] D. P. Bertsekas, Nonlinear Programming. Athena Scientific, 2nd ed., 1999.

[16] F. Paganini, Z. Wang, J. C. Doyle, and S. H. Low, “Congestion control for high performance, stability and fairness in general networks.” http://www.ee.ucla.edu/∼paganini/PDF/Papers/fast-jour.pdf.

[17] M. Chiang and R. Man, “Jointly optimal congestion control and power control in wireless multihop networks,” in Proc. of GLOBECOMM, 2003.

[18] D. Bertsekas and R. Gallager, Data Networks. Prentice Hall, New Delhi, India, 2nd ed., 2002.

[19] S. K. Bose, An Introduction to Queing Systems. 233, Spring Street, New York: Kluwer Academic / Plenum Publishers, 2002.

[20] “Matlab version-6.” http://www.mathworks.com.