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ABSTRACT: This paper proposes an adaptive push 

system for dissemination of data in underwater acoustic 

wireless networks. Apart from achieving adaptation of its 

broadcast schedule according to the a-priori unknown 

needs of the clients, the proposed system also efficiently 

combats the problem of high latency of the underwater 

acoustic wireless environment. Simulation results show 

superior performance of the proposed system in the 

underwater environment compared to adaptations of 

existing terrestrial push systems. Moreover, its 

performance is not affected by increasing the coverage 

area of the broadcast server. 

 
1. INTRODUCTION 

  

The underwater environment poses significant challenges 

for the deployment of wireless networks [1-4]. This is due to 

the fact that radio waves exhibit poor propagation properties in 

the water and optical waves are severely affected by scattering 

and require high precision in pointing the laser beams. Thus, 

the enabling technology for the physical layer of underwater 

networks is typically implemented via acoustic waves. 

Underwater acoustic wireless channels have a number of 

unique characteristics that affect the design of networking 

protocols. The most significant of these characteristics are the 

following:  

• Propagation delay that is five orders of magnitude larger 

than that of radio-based links of the same size, due to the 

low speed of sound (1.5 Km/sec) in the water. 

• The available bandwidth of acoustic links is low and 

depends on the transmission distance.  

• The Bit Error Rate of underwater acoustic links is higher 

than that of radio-based ones.   

In the last years there has been increasing research interest 

in the design of protocols for acoustic underwater networks. 

Many of these protocols are essentially adaptations of existing 

ones for radio networks. Such typical examples, are the 

underwater variants of ALOHA,  MACA and FAMA MAC 

protocols whose underwater acoustic variants are proposed in 

[5], [6] and [7] respectively. 

Apart from the above-mentioned adaptations, new 

protocols for the acoustic environment have also been  

proposed. However all of them target networks with bi-

directional links with nodes being primarily oriented to unicast 

transmission. On the other hand, in situations where multiple 

clients with common demands for data, access these from a 

central server, the paradigm of data broadcasting [8-11] can be 

efficiently applied to increase performance. Such applications 

can be environmental monitoring (e.g. tsunami detection) 

where data items may be broadcast to reach a number of 

relevant destinations (e.g monitoring stations) and in-network 

reprogramming of underwater sensor network nodes.   

Despite being a popular networking primitive, data 

broadcasting has so far received little attention in the context 

of underwater networks [12-13]. [12] proposes a broadcast 

protocol based on Forward Error Correction (FEC) capabilities 

where clients can also act as forwarders of the server's 

broadcast to clients further away. [13] takes a different 

approach, by analyzing optimal hybrid ARQ policies that use 

Fountain codes to enhance the efficiency of the data 

dissemination process in the face of poor channel conditions. 

This paper proposes an adaptive push-based, data 

broadcasting system for dissemination of data items to 

multiple underwater clients which have a certain degree of 

commonality in their demands for data. The proposed system, 

comprises of a base station with acoustic transmission 

capabilities and a number of clients that listen to the server’s 

broadcasts. The base station also acts as the relay to the 

terrestrial broadcast server with the two of them 

communicating over a radio-wireless or cable link. The 

proposed method uses a Learning Automaton at the server, 

which continuously adapts to the demand pattern of the client 

population in order to reflect the overall popularity of each 

data item. The adaptation is accomplished using a feedback 

from the clients which is used at the server to update the item 

probability estimation vector. Apart from achieving adaptation 

of its broadcast schedule according to the a-priori unknown 

needs of the clients, the proposed system also efficiently 

combats the problem of high latency of the underwater 

acoustic wireless environment. 

Examples of applications where underwater data 

broadcasting would be useful are environmental monitoring 

(e.g. tsunami detection) and support to underwater manned 

missions, where data items may be broadcast to reach a 
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number of relevant destinations (e.g monitoring stations or 

divers respectively). For example, in the case of support to 

divers that are equipped with underwater GPS [14], which is 

widely available (or another positioning system [15-18]) and 

an acoustic navigation system, the proposed system can offer 

support for the dissemination of information that enable  

mapping and positioning of the diver. To this end, the 

broadcast server can disseminate data items that contain 

graphical (e.g. map, objects) and contextual data (e.g. 

temperature, currents) regarding the area of an underwater 

operation to the divers. Having knowledge of its current 

position, the equipment [19] of each diver will expect to 

receive and thus acknowledge only data items that contain 

useful information regarding its present position. 

 
 

2. THE PROPOSED PUSH SYSTEM 
 

Learning Automata [20-22] are structures that can acquire 

knowledge regarding environment in which they operate. In 

the area of data networking Learning Automata have been 

applied to several problems, including the design of self-

adaptive MAC protocols [23-25] and routing [26, 27]. 

In the proposed system, the broadcast server is equipped 

with an S-model Linear Reward-Inaction Learning Automaton 

(LA) that contains the server's estimate pi of the actual demand 

probability di of the client population for each data item i 

among the set of the items the server broadcasts. Clearly 
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the time when item i was last broadcast, li is the length of item 

i and E(li) is the probability that an item of length li is 

erroneously received. For items that haven't been previously 

broadcast, R is set to -1. If the maximum value of G(i) is 

shared by many items, the algorithm selects one of them 

arbitrarily. Upon the broadcast of item i at time T, R(i) is 

changed so that R(i)=T.  

The server will probe the data items in order to receive 

feedback from them so as to estimate the demand probability 

for each data item. For the feedback transmission, CDMA, 

which has also been used in the underwater acoustic 

environment [28, 29, 30], is chosen. On the other hand, data 

item broadcasts use narrowband modulation over the entire 

available bandwidth for data broadcasting. Each client that was 

waiting for the item that was broadcast sends its feedback to 

the base station using a user-specific high-speed code (Long 

code). The number of mobile clients that can be supported in 

the system is given by the capacity of CDMA [31], which is 

given by the equation below: 
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where ClNum is the number of mobile clients supported, W  

represents the transmission bandwidth for the feedback, U 

represents the feedback transmission bit rate and Eb/No is the 

bit energy-to-noise power spectral density.  

However, the increased latency that the feedback packets 

will experience over the high propagation delay underwater 

acoustic links will pose a significant performance bottleneck 

for the system of [8], as this waits for client feedbacks after 

each item broadcast for a time interval that equals the 

maximum round-trip time plus the feedback transmission time. 

This problem can be clarified with the following example: 

Consider a server that acoustically transmits items to 

underwater clients located inside the server’s coverage area of 

a 10 Km radius. This gives a maximum round-trip time 

(MAX_RTT) of about 13 sec. Typical communication 

parameters for distances up to 10 Km are reported in [2] and 

are also used in the section where we evaluate the performance 

of the proposed approach. According to these, we can assume 

an available data bandwidth of 10 KHz and a 2.4 Kbps data 

rate. Moreover, we assume data items of 1000 bits length. If 

we use a small 200 Hz part of the available bandwidth for 

realizing the system’s feedback, we can use the rest of the 

available bandwidth to broadcast items. Thus, with 9.8 KHz 

available, we can broadcast with speeds around 2.35 Kbps 

which yield a 0.42 sec item transmission time. Moreover, in 

order to support an adequate number of clients, (1) mandates 

the use of a small feedback user data rate. Thus, if we use 

feedback user data rate of 0.5 bps the one bit feedback of the 

clients in the system of [8] lasts 2 sec.  

It can be easily seen that in the above scenario, the stop- 

and-wait approach of [8] for feedback collection after each 

item broadcast will underutilize the acoustic links, since 

utilization will equal to Itm_time/(MAX_RTT+Itm_time+ 

Fdb_time)= 0.42/(0.42+2+13)=2.7%, where Itm_time,  

Fdb_time are the durations of the data items and feedback 

transmissions respectively. To solve this problem we can 

change the system to a continuous one by making the server to 

immediately proceed to the next item broadcast after 

completing the previous one. In this case the server will 

demand feedback once every 2/0.42=5 item broadcasts so as to 

give clients enough time for their previous feedback 

transmission to be completed. However, with this approach a 

new problem arises. The increased latency of the links will 

pose a problem for feedback collection due to the fact that 

feedback will now be received asynchronously in regards to 

the data item transmissions. This means that there will exist 

situations where the server will need clarification regarding the 

data item that an incoming feedback acknowledges. In the 

context of the previous example, if we continuously broadcast 

items, then a new feedback will be demanded every Fdb_time 

sec. For the broadcast of a certain item P, the feedback can 

reach the server at most MAX_RTT+Itm_time+Fdb_time=15. 4 

sec after the start of the item’s broadcast. This of course 

corresponds to an acknowledging client that is located at a 10 

Km distance from the server. However, in this time interval the 
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Fig. 1: Convergence of estimation of the demand probabilities. 
 

server will have probed up to 15.4/2=8 more data items. For 

these items the server can very well have received feedback if 

these were destined for clients closer to the server than the 

ones that acknowledged item P.  

It can be easily seen from the above discussion that a 

continuous broadcast over the acoustic links that utilizes one-

bit feedback by the clients will result to ambiguities regarding 

the item that each incoming feedback acknowledges. This 

problem is solved by increasing the length of the feedback so 

that it contains the id of the item it acknowledges. Thus, each 

user’s feedback will comprise of 1+log2N number of bits, 

where N is the number of items the server broadcasts. 

To collect feedback from the clients the server uses an in-

band channel over the transmitted data items. This channel is 

realized by piggybacking a 1+log2N  number of bits in the 

header of each item i, 1≤ i ≤ Ν, that a) when set to a value 

representing decimal j, 1≤ j ≤ Ν, will correspond to the 

server’s probing for feedback by the clients that are waiting to 

receive item j, b) when set to zero will indicate that the server 

does not request feedback after the broadcast of item i.  

After the transmission of a probing request, the server will 

continuously broadcast items for a time interval equal to the 

duration of the feedback transmission, which is known a-priori 

since the feedback is 1+log2N  bits and the feedback 

transmission speed UFEEDBACK is known. After each such 

interval the server will transmit the next item i in the schedule 

with a piggybacked probe for another item j. Of course, if 

Itm_time≥Fdb_time,  the server will be making probes with 

each broadcast item. Thus, contrary to [8], the server will 

continuously broadcast items rather than employing a stop-

and-wait approach. With a continuous broadcast of items and 

variable client placements, the server will receive feedbacks 

from clients while transmitting data items, thus the use of full-

duplex acoustic modems is needed, as already proposed in 

other acoustic underwater protocols [4, 5].  

In order to select the item to probe, j, we separately apply 

the cost function G to produce the sequence of probed items 

by assuming that time elapses only when transmission of items 

with probing requests are made. This means that the server 

needs a new vector R’ that stores the time when each item was 

last probed by the server.  

The item id on the incoming feedback is read by the server 

and used to update estimate of the corresponding items. The 

probability distribution vector p maintained by the LA 

estimates the demand probability di of each information item i. 

Until the next probability update takes place the server will use 

the updated vector p to calculate the cost G of each item in the 

process of choosing which one to broadcast. 

When the probing of an item j does not yield client 

feedback due to the fact that no client was waiting for j, the 

probabilities of the items do not change. However, following a 

probe for j that yields client feedback, the probability of j is 

increased. The following Liner Reward-Inaction (LR-I) 

probability updating scheme is employed after the probing of 

item j (assuming it is the server's k
th 

probability update): 
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where p(k) takes values in (α,1) and L, α take values in (0,1). α 

prevents the probabilities of non-popular items from taking 

values very close to zero in order to increase the adaptivity of 

the LA. This is because if the probability estimate pj of an item 

j approaches zero, then G(j) will take a value very close to 

zero. However, item j, even if unpopular, still needs to be 

transmitted since some clients may request it. Furthermore, the 

dynamic nature of client demands might make this item 

popular in the future. To obtain ClNum, the server can 

broadcast a control item that forces every client to respond 

with feedback and then waits for feedback reception for 

MAX_RTT+Itm_time+Fdb_time to collect the feedback.  

Using the probability updating scheme of Eq. (2), the item 

probabilities estimated by the LA converge near the actual 

demand probabilities for each item [8]. This is schematically 

shown in Figure 1, which plots the page probability estimates 

versus the overall actual demand probabilities, in a simulation 

of a sample database comprising four pages. The client 

demand pattern is unknown to the server, so initially, the four 

pages have an equal demand probability estimate. It is clearly 

seen, that convergence of the page probabilities estimated by 

the Automaton to the actual overall demand pattern of the 

client population is achieved. 

 

3. PERFORMANCE EVALUATION 

 

Using simulation, we compared the proposed system 

against the one of [8] and the static round-robin (flat) 

broadcast. The flat approach also derives from the method in 

[9] for equi-probable, equally-sized items. 

We consider a broadcast server having a database of N 

equally-sized items. We assume that the items that contain 

time volatile information, thus between successive broadcast 
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Fig. 2: Mean response time versus access skew coefficient for the three 

systems in Network N1 for a server coverage area of 2 Km radius. 
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Fig. 4: Mean response time versus access skew coefficient for the three 

systems in Network N1 for a server coverage area of 10 Km radius. 

 

of the instance of the same item, the actual information it 

contains changes. The server is initially unaware of the 

demand for each item, so initially every item has a probability 

estimate of 1/N. We consider ClNum clients that have no cache 

memory due to the time volatile nature of item contents. 

Clients access items in the interval [1, Range]. This range 

consists of R regions of size RSize each, that contain equi- 

probably demanded items. The demand probability d(i) of an 

item in region i, is 
θ
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i
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∈[1..R] and θ is a parameter named access skew coefficient. 

This is the Zipf distribution used in modeling of client 

demands ([8-11]). As the value of θ increases, Zipf produces 

increasingly skewed demand patterns.  

Each client is placed at x Km from the server, with x being 

uniformly selected from the interval [1..MAX_DISTANCE]. 10 

bits are used to code the number of items acknowledged in the 

feedbacks. The speed of sound in the water is set to 1.5 

Km/sec. Finally, we did not take into account reception errors 

as our goal is to assess the relative performance increase of the 

proposed approach compared to applications of [8] and flat 

broadcast in the underwater environment. 

The simulation is carried out until at least NumReq requests 
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Fig. 3: Mean response time versus access skew coefficient for the three 

systems in Network N1 for a server coverage area of 5 Km radius. 
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Fig. 5: Mean response time versus access skew coefficient for the proposed 

and the non-adaptive system in Network N1. 

 

are satisfied at each client, meaning that overall, at least 

NumReq*ClNum requests have been served. 

The results were obtained with the following parameter 

values being constant: N=300, NumReq=5000, Rsize=1, 

L=0.15, α=10
-4 

, item size=10
3
 bits, Eb/No=5. We simulated 

the protocols in two environments, N1, where Range=300 and 

N2, where Range=60.  

For the non-adaptive push system we utilize the entire 10 

KHz available bandwidth for data transmission thus for this 

system UDATA=2400 bps [2]. For the proposed system we use 

20% of the available bandwidth for realizing the system’s 

feedback, thus for this system WData=8 KHz, WFEEDBACK=2 KHz 

and consequently UDATA=1900 bps. Moreover, as far as the 

feedback of the system is concerned, we set UFEEDBACK=5 bps. 

The above parameters via Eq. (1) allow for ClNum=81. For the 

system of [8] which utilizes 1-bit feedback, for the same 

feedback duration we can support 81 clients with 

WFEEDBACK=200 Hz and UFEEDBACK=0.5 bps. Thus for this 

system WData=9.8 KHz and consequently UDATA=2352 bps.  

In Figures 2-9, we plot the performance of the three 

systems versus the data access skew coefficient θ. The 

performance metric we use, which is commonly used in data 

broadcasting [8-11], is the client mean response time, which is 

the mean time a client waits in order to receive a requested 
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Fig: 6. Mean response time versus access skew coefficient for the three 

systems in Network N2 for a server coverage area of 2 Km radius. 
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Fig: 8. Mean response time versus access skew coefficient for the three 

systems in Network N2 for a server coverage area of 10 Km radius. 

 

item. In Figures 2-9, the plots termed “Non-adaptive push”, 

“Adaptive push” and “Continuous adaptive push” refer to the 

flat broadcast, to the method of [8] and to the proposed 

method respectively. Figures 2-5 display the results for N1 

(Range=300). Specifically, Figures 2-4 show, for a maximum 

coverage area of the server (marked MAX_DISTANCE in the 

Figures) of 2 Km, 5 Km and 10 Km respectively, the relative 

performances of the three systems with a logarithmic (base 10) 

scale used for the Y-axis.  Figure 5 shows the relative 

performance of the proposed system and the flat one. This plot 

appears only once as the performance of the two systems is the 

same regardless of the coverage area of the server. 

Figures 6-9 display the results for N2 (Range=60). 

Specifically, Figures 6-8 show, for a maximum coverage area 

of the server (marked MAX_DISTANCE in the Figures) of 2 

Km, 5 Km and 10 Km respectively, the relative performances 

of the three systems with a logarithmic (base 10) scale used for 

the Y-axis.  Figure 9 shows the relative performance of the 

proposed system and the flat one. Again, this plot appears only 

once as the performance of the two systems it is the same 

regardless of the coverage area of the server. 

The conclusions that can be drawn from the Figures follow: 

o The proposed approach significantly outperforms that of 

[8] and the performance difference increases for increasing 
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Fig: 7. Mean response time versus access skew coefficient for the three 

systems in Network N2 for a server coverage area of 5 Km radius. 
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Fig: 9. Mean response time versus access skew coefficient for the proposed 

and the non-adaptive system in Network N2.  

 

coverage of the server. Its absolute performance remains the 

same regardless of the coverage area of the server. This is due 

to the fact that the proposed method for feedback collection 

allows a continuous transmission of data items, which hides 

the increased transmission latency that will only burden the 

system for the first item transmission. In contrast, the method 

of [8] waits after each item transmission for the sum of twice 

the maximum propagation delay plus the feedback duration 

plus the item transmission time in order to receive feedback, 

which of course poses a huge time overhead. 

o For small values of θ the performance of the proposed 

system when Range=N=300, is a little worse than that of the 

flat scheme. This is due to the facts that a) the flat system does 

employ feedback and is thus not impaired with the afore-

mentioned performance bottleneck, b) in the proposed system, 

small values of θ reduce the demand pattern to a uniform 

distribution over the server’s data items, which in turn leads to 

the flat broadcast of the server's items, c) due to the need of the 

proposed protocol for a feedback channel the available 

bandwidth for broadcasting for the proposed system is 80% of 

that used by the flat broadcasting system. For increasing θ 

however, the performance of the proposed system increases 

significantly compared to that of the flat approach.  

o When Range=60<N the flat approach is well out-

performed by the proposed method even in the case of small θ, 
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since it notifies the server to broadcast frequently only the 

demanded items.  Thus it would be useful even in cases of 

applications that access subsets of the server's database with 

demand patterns close to being uniform. 

 

4. CONCLUSION 

 

This paper proposes an adaptive push system for acoustic 

information dissemination of data in underwater clients. Apart 

from adapting its broadcast schedule to the a-priori unknown 

needs of the clients, the proposed system also combats the 

high-latency of the underwater acoustic environment. 

Simulation results show superior performance compared to 

existing approaches for terrestrial push systems. Moreover, the 

performance of the proposed system is not affected by 

increasing the coverage area of the broadcast server. 
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