
 
 
 
 

 
 
 
 

Abstract - Impact of random delays and losses in sensor networks 
manifests in the form of tardiness of data used for processing at the 
sink nodes. The age of data used by the end application can impact 
the accuracy of the end results, and may produce detrimental 
consequences for many real-time sensing applications. This paper 
uses a tardiness measure for quantitatively capturing the lateness of 
the data due to network dynamics, and presents an analytical model 
relating the network delay, network packet loss rate, packet 
reordering, and sampling rate to the tardiness. We extend this model 
to provide aggregate weighted tardiness of data at fusion nodes. The 
tardiness model is validated using simulation results. We also 
investigate the tradeoffs between energy consumption and tardiness 
when desired tardiness is achieved by adjusting sampling rate and 
transmission power of the sensors nodes. Other potential 
applications of proposed tardiness measure includes determination of 
the active/sleep period of MAC layer to meet application goals, and 
comparison of  routing protocols based on their impact on tardiness, 
and hence the  application in real-time sensor networks. 
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1. Introduction 
 
Sensor networks are an emerging class of networks with a 
wide range of practical applications in the real-world. The 
well-known applications include structure and environmental 
monitoring, and target tracking [1,15].  In many applications, 
the sensor network collects information about a physical 
phenomenon, processes the data and then takes appropriate 
actions based on the processed data [2]. In many such 
applications, action should be taken in bounded time for the 
proper operation of the system. Input data may be useless for 
such applications if it arrives and is processed after a critical 
deadline. Therefore, it is important to be aware of the age of 
the data that is used for processing and computing results. 
Data freshness has been studied in the context of information 
system such as data integration system (DIS), and Data 
Warehouse [4]. In that context, data freshness is considered as 
a critical component that determines the success of many 
information systems. A significant amount of research has 
been done for studying efficient refresh policies for web 
crawlers to keep the local copies of the remote source data 
fresh [6]. The key factor that impact the age of the data in such 
traditional information systems is the rate of change of data at 
the remote source node. However, in sensor networks besides 
the rate of change of data some of the other factors that may 
impact the age of the data are the high network delays, random 
loss of packets, and packet re-ordering. It is significantly more 
challenging to quantify and understand the impact of each of  

 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
these parameters on the age of the data in sensor networks. 
Our focus on understanding impact of network dynamics on 
the age of the data makes it different from the existing work 
that is focused on investigating freshness of data in the context 
of information systems. 

Sensor networks are typically resource constrained in 
terms of computation capability and available energy. 
Moreover, most sensor networks use error prone wireless links 
for communication. Different energy conserving transport, 
routing, and MAC protocols are used for transferring data 
from source nodes to the sink nodes [11,12,19,21]. 
Alternatively, there is an emerging class of real-time sensor 
networks that uses Internet to distribute sensor data to 
different computing nodes and end users. Depending on the 
applications, sensor nodes may be configured to monitor the 
environment for rare and ephemeral events [7,17]. Whenever 
such events occur, they are detected by one or more sensing 
nodes, and the event information is transmitted to a data fusion 
node or a remote sink node for further processing. 
Alternatively, in many sensor networks, sensor nodes 
continually sample environmental processes such as 
temperature or vibrations as shown in Fig. 1 [8]. Sink nodes 
such as fusion nodes may access receive buffer for the data 
after receiving an interrupt due to arrival of a new packet. 
Alternatively, sink nodes may poll their receive buffers 
recurrently for the arrival of the data. In both scenarios, data 
available in the buffer at the time of ‘read’ is used for the 
computation. However, it is possible that data read from the 
input buffer at the sink node may be different from what is 
available at a particular instant of time at the sensor node. This 
scenario is possible because either the data gets late within the 
sensor network due to network delays [5,22] or gets dropped 
because of reasons such as network congestion or wireless link 
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Figure 1. Process monitoring sensor network 
 

 



errors in the sensor network [11]. When data is dropped in the 
network, the prior sample of data available is used until new 
data arrives. In many closed-loop applications, old copy of the 
data that does not reflect the current state of the environment 
may be used to generate actuating signal to control the remote 
environment. This has the potential to compromise the 
integrity of such systems. It is therefore desired to get a 
quantitative estimate of age of the data used in the 
computation at every ‘read’ event at the sink node. 

This paper develops a framework to capture network 
introduced tardiness of data used for end computations in 
sensor networks. A tardiness measure is defined to capture the 
age of the data used for computation under different network 
conditions.  An analytical model is proposed that relates 
network delays, wireless loss rate, degree of packet re- 
ordering, and sampling rate with the observed tardiness of the 
data. Moreover, we study the tradeoffs between energy 
consumption and tardiness of the data delivered to the end 
user. Such an analysis will abstract the impact of the sensor 
network characteristics, such as losses and delay due to 
routing scheme employed, in terms of statistics of tardiness. 
The statistical characteristics of tardiness may then be used to 
evaluate the accuracy and reliability of the application, 
without delving into detailed network characteristics such as 
the routing protocol. We envision wider applications of the 
tardiness measure. Tardiness may be used to evaluate and 
compare the performance of routing protocols in terms of age 
of the data delivered to the sink node, adaptive sampling 
techniques [9,16], effect of network topologies in meeting 
real-time requirements of the applications [10]. This work may 
also help in configuration of sampling rates, transmission 
energy, sleep/active schedules at MAC layer, and input buffer 
read frequency at sink nodes for minimizing the error in the 
end results due to tardiness of the data. Section 2 describes the 
tardiness measure and analytical model. Section 3 presents 
results for the model verification. Section 4 discusses tradeoffs 
between tardiness and energy consumption in sensor 
networks. Conclusions are presented in Section 5. 
 
2. Tardiness Measure 
 
The difference between an ideal monitoring system, in which 
the processing/decision node has instantaneous access to the 
values/events/parameters being monitored, and a distributed 
sensor network lies in the age or tardiness of data available at 
the processing node. With latter, the available data from 
different sensor nodes have different ages, which depend on 
network characteristics and protocols. 

For example, consider the scenario where the 
processing/decision nodes receives data from multiple sensors. 
Let at time t, X1(t), …XN(t) be the data values available at the 
sink node from N different source nodes about the phenomena 
under observation. Let F(t) be the processing/decision function 
that combines the most recent data from N source nodes at 
time t. For an ideal monitoring system, as described above,   

 
F(t) = h(X1(t), X2(t) …XN(t)) 

i.e., instantaneous data from all sensors is available at the 
processing node. However, in distributed sensor network 
based system, 
 

F(t) = h(X1(t-∆1), X2(t-∆2)…. XN(t-∆N)) 
 
Where ∆i corresponds to the tardiness of data from source i to 
the processing/decision sink node. The ∆i values form a 
random process that is affected by the network protocols, 
losses, sampling frequency, sleep schedule, etc. Characterizing 
this tardiness process allows the impact of network 
characteristics to be summarized in a way that its influence on 
different applications (based on different decision functions) 
can be evaluated more conveniently.  

Tardiness measure captures the age of the data used for 
computation at the receiver node. Age of the data is defined as 
the time lag from the time data is generated at the sensor node 
to the time data is used at the sink node by the application. 
 
2.1. Tardiness under dynamic network conditions 
 
We consider a process monitoring sensor network shown in 
Fig. 1. In this scenario, sensor node periodically samples the 
physical environment for the data every ‘S’ time units as 
shown by the vertical dotted lines in Fig. 2 and Fig. 3. At 
every sampling instant, generated sample is packetized, and is 
immediately transmitted over single or multi-hop wireless 
network towards the sink node. In this example, the sink node 
periodically accesses the input buffer for the received data 
every ‘R’ interval as shown by red color dots. For the purpose 
of tardiness evaluation it is assumed that each transmitted 
sample is time-stamped at the sender node, and all nodes in 
the sensor network are time synchronized [18].  In Fig. 2 and 
Fig. 3, Di is the network delay suffered by the sample i, and 
TD[i,k] is the tardiness of the data read at kth successive read 
attempt when sample i is present in the buffer. Dotted vertical 
lines with arrows shows the age of the data read from the 
buffer at a particular input buffer read attempt. We now 
illustrate how random delay and random losses impact the age 
of the data at the sink node. Two cases are considered; in the 
first case packets only suffer random delay and no packet 
losses. In the second case, packet suffers both random delay 
and random packet losses. 
 
2.1.1. Tardiness Measure under Random Delay and No 
Network Packet Loss   
 
Fig. 2 shows the case when samples suffer random delay in 
the network and does not suffer any network packet loss. 
Network delay depends on factors such as active/sleep 
schedule in MAC layer, paths selected by the routing protocol, 
and node distribution in the sensor network. Under these 
conditions samples arrive at the sink node after suffering 
random delays. Depending on the arrival time and the periodic 
read interval time ‘R’, same sample can be read multiple times 
by the end application. As shown in the Fig. 2, the age of the 
data increases linearly with time until the next sample arrives. 



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3. Tardiness measure under random data loss in process 
monitoring sensor networks 

 
 Figure 2. Tardiness measure due to random network delay in process 

monitoring sensor networks 

 

Figure 4. Tardiness Computation at Sink Node, where sample i,j,k and l are sampled at absolute time Si  , Sj, Sk, and Sl at source node (not shown in 
the figure)  
 

 
 



Parameter Description 
Di Network delay of sample i 
A i Arrival time of sample i at sink node 
Bm Time spent by a given sample in the 

receive buffer until mth read attempt 
Bi_max Maximum time sample i spends in the 

receive buffer 
PL Total packet loss perceived by the 

application at a sink node 
PN Network packet loss probability  
L Random variable that models loss 

characteristics of the network 
D Random variable that model network 

delays 
S Sampling Interval used at the source 

node to periodically sample 
environment 

PI/A Total probability that packet is in-order 
on condition that it arrives at the sink 
node 

/
jS

I AP  Probability that packet is in-order on 
the condition that it arrives at the sink 
node and it suffers network delay 
between (j-1)S and jS 

M(t) Total packet arrivals in interval [0,t] at 
a sink node 

Wk Weight of the data generated by sensor 
k in the network 

fd(c) Delay distribution of the sensor 
network 

FD(c) CDF of delay in sensor network 
PRR[d] Packet reception rate at distance d from 

the source node 
( )dγ  SNR at distance d from the source node 

f Frame Length 

l Preamble Length 

τ Absolute time at which input buffer is 
read and tardiness is computed at sink 
node 

 
 
Note that age of the data is computed every time the input 
buffer is read at the receiver node. In Fig. 2, sample i+1suffers 
higher delay than sample i+2  sample. In this case sample i is 
read multiple times at the scheduled read times until the 
sample i+1  arrives at the sink. Alternatively, sample i+1  is 
read only once as the sample i+2  arrives immediately after the 
first read of the sample i+1 . Thus in this case tardiness of data 
read from the buffer is more when sample i is present in the 
buffer compared to when sample i+1  is present in the buffer. 
Since sampling times at the sensor and read from buffer occur 
independently, the area under the curve divided by the time 
interval gives the average tardiness of data from the source.   
 
 
 

2.1.2. Tardiness Measure under Random Delay and 
Network Packet Loss 
 
Fig. 3 illustrates the tardiness process when packets suffer 
from both random delays and network packet losses.  In 
wireless sensor networks packet losses depend on the network 
congestion, collisions, and wireless link errors. When a data 
sample is lost then the prior sample of data is used until the 
new data arrives at the receiver node. This is not different 
from the way tardiness is computed in lossless but random 
delay case in Section 2.1.1. In Fig. 3, sample i+1  and sample 
i+3  are randomly dropped in the network. It results in increase  
in tardiness at successive read as sample i is read multiple time 
until sample i+2  arrives. In Fig. 3, relative larger area of 
trapezoid indicates greater tardiness compared to Fig. 2. 

From Fig. 2 and Fig. 3 it can be inferred that tardiness 
measure will be impacted by the random delays and the 
random losses suffered by the data in the sensor network. 
Intuitively, it is a function of network delay and packet loss 
probability, read buffer frequency, and sampling frequency.  
In Section 2.2 we derive an analytical model for the tardiness 
of the data in process monitoring sensor networks that relates 
different network parameters to the age of the data. 

 
2.2. Analytical Model for Tardiness of Data in Process 
Monitoring Sensor Network 
 
In this section we first derive an analytical model for the 
tardiness of data from a single source node to a single sink 
node and then extend it for a multi-source to single sink node 
scenario. Analytical model for tardiness is a function that 
relates random network delay, random packet loss probability, 
and sampling interval to the mean age of the data at the sink 
node. Table 1 shows list of different parameters used for the 
analytical model. Following assumptions are considered for 
deriving the tardiness analytical model: 
 
(i) Sensor node samples the environment periodically every  

‘S’ interval and transmit data to a single sink node. 
(ii)  Sink node may randomly access the input buffer for data. 
(iii)  We consider a case where source node transmits one 

sample per packet, so sample and packets are used 
interchangeably in this paper. 

(iv) All nodes in the sensor network are assumed to be time 
synchronized for measurement purposes.  This does not 
mean that all the nodes carry out sampling at the same 
instant. 

(v) It is assumed that packets arrives in-order at a sink node. 
(vi) Data may get dropped in the network because of wireless 

link errors, collisions, or network congestion. 
 
(1) Tardiness of Data from a Single Source: 
 
Fig. 4 illustrates a tardiness computation at the sink node. It 
considers a scenario when sink node receives samples i, j, k, 
and l from a single source node without re-ordering after 
suffering random delays and random network packet losses. 

Table 1.  List of Parameters for the Analytical Model  



Red solid dots are the random time at which input buffer is 
accessed for the data at the sink node. Sample ‘i’ which arrives 
at sink node at time indicated by ‘B’ is randomly read from 
the input buffer until sample ‘j’ arrives at time ‘C’ at a sink 
node. It is assumed that most recently received sample remains 
in the input receive buffer until next in-order sample arrives at 
the sink node. At every read schedule, tardiness of the data 
read from the buffer is evaluated. Average height of a 
trapezoid in Fig. 4 indicates the average tardiness during each 
consecutive read attempt until next in-order packet arrives.   

In Fig. 4, let Di be the random delay suffered by the 
sample i in the network. Let Bm be the total time spent by the 
latest sample in the input receive buffer at sink node at the 
time of mth periodic read. Consider a case when the latest 
sample read is i. Let TD(i,m) be the instantaneous tardiness of 
data read during mth read attempt when sample i  is present in 
the input receive buffer. Let τ be the absolute time at which 
mth read of input buffer is performed. Then the tardiness of 
data during read operation performed at time τ is T(τ), i.e.,  

 

T(τ) = ( , ) i mTD i m D B= +            (1) 

 
For each arriving sample i at the sink node m i_max0 B B≤ ≤ , 

where Bi_max is the maximum time spent by sample i in the 
buffer until a sample j>i arrives. Thus the tardiness 
experienced at the sink changes with time as shown in Fig. 4. 

By the application of the law of large numbers, we can 
assume that long-term time averages can be replaced by the 
ensemble averages [3]. We can compute mean tardiness using 
graphical argument. Using Fig. 4, time average of the tardiness 
T(τ) in the interval [0,t] 
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where M(t) is the total sample arrivals in the interval within 
[0,t] for which tardiness is computed.  Maximum time Bi_max 

that sample i stays in the buffer is determined by the 
difference in the arrival time of the sample i and sample j 
where j>i. 
 

_ max ( ) ( )i j i j iB S S D D= − + −            (3) 

 
Where Si and Sj are the sampling time at the source node and 
Di and Dj are the network delays of sample i and sample j 

respectively. Under certain conditions such as no network 
packet losses and when delays are within certain bounds, 
j=i+1, i.e., adjacent samples are received at the sink node 
without re-ordering or loss. Replacing Bi_max in Eq. 2 with Eq. 

3 and taking lim
t→∞

, we get 
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where L = (j-i) ·S, such that S is the periodic sampling interval 
and i and j are the adjacent samples received at the sink node  
where j>i. L is a r.v. that models loss characteristics of the 
network. D is a r.v. that models random delays of different 
samples that arrive at sink node and µ is the arrival rate of the 
samples at sink node. Let PL be the packet loss probability as 
perceived by the sink node. Then we can determine 
expectation of mean time interval between two losses and its 
second moment at the sink node as follows: 
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Reciprocal of E[L]  given by Eq. 5 is the mean arrival rate µ, 
i.e.,   

 
1 LP

S
µ −

=                           (7) 

Combining Eq. (4)–(7), we can determine expectation of the 
tardiness T, i.e., mean tardiness of the data is: 
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From Eq. 8, we conclude that tardiness of the data at each read 
attempt depends on the sampling rate, network delay 
characteristics and network packet loss probability. Increase in 
network delay, network packet losses and sample time period 
results in an increase in the tardiness of the data in sensor 
networks.  
 
(2) Aggregate Tardiness of Data from Multiple Sources to 
a Single Sink: 
 
The model for tardiness given by Eq. 8 is valid for tardiness 
for the source-sink pair. In sensor networks, many-to-one data 
transfer is the common data flow scenario. We consider a case 
when sink node such as fusion node in the network receives 
data from multiple sources. As tardiness associated with 
different sources may not be similar, it is necessary to evaluate 
the aggregate tardiness of the result computed using inputs 
from multiple sources. Let there be N sensors from where data 
is aggregated at the sink node. Let Wk be the weight of the data 
from the sensor k. The weight can be assigned to each sensor 
according to the criticality of the data generated by each 
sensor node. When the data gathered from different sensors 
are equally important, equal weights may be used.  Then 
aggregate weighted tardiness is defined as: 
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2.3.  Consideration for Re-ordered Packets at a Sink 
Node 
 
In a sensor network packets may arrive out-of-order because 
of random delays suffered by them in the network. Depending 
on the routing algorithm, different packets may follow 
different paths thus may suffer variable delays. For certain 
real-time applications, out-of-order packet arrival may not be 
acceptable and are treated as lost packets. For example, in 
real-time target tracking applications, it is important to have 
most recent estimate of the position of the target for real-time 
tracking and prediction. Therefore, all late arrivals of packets 
with old information may not be of any use to the application 
and can be treated as lost. In this section, we consider impact 
of re-ordered packets on the tardiness of data and adapt the 
tardiness model given by Eq. 8 to provide accurate estimate of 
tardiness in presence of packet reordering. 

There are two steps involved in developing model that 
consider re-ordering of packets (i) Estimation of packet loss 
probability, i.e., PL perceived by the application at the sink 
node, and (ii) Estimation of mean delay of the packets that 
arrive in-order at a sink node, i.e., E[D|I]  which is conditional 
expectation of the delay given that packet arrives in-order. 
 
(i) Estimation of PL: When packet-reordering is not 
considered then PL is equal to the network packet loss 
probability PN. However, when packets are treated as lost 
because of out-of-order arrival then packet loss probability is:  

/
1 (1 )

L I A N
p p p= − −           (10) 

where PI/A is the probability that packet is in-order given that it 
has arrived at the sink node. PN  is the probability that packets 
are lost in the network because of wireless link errors. It is 
assumed that network is not congested and there are no 
collisions. We estimate conditional probability of in-order 
arrival, i.e.,  PI/A as follows: 

Consider packet i, i+1 , and i+2  in the order of generation 
at a source node. Let Si, Si+1, and Si+2 be their generation time 
such that  

1 2 1i i i iS S S S S+ + +− = − =             (11) 

Let Di, be the random network delay suffered by the ith packet 
then its arrival time iA  is: 

i i iA S D= +           (12) 

By definition, packet i arrives in order if Ai<Ai+j  where 1≤j≤N 
where N is the total number of arrivals after packet i. A delay 
distribution of a network provides an estimate of delay 
suffered by different packets transmitted from the sensor node. 
Given the delay suffered by a packet generated by the sensor, 
then that packet arrive in-order if all future packets delays are 
such that they arrive after the current packet. Note that we 

consider a scenario when a sensor node periodically generates 
a packet every S time interval.  

Let fd(c) be the delay distribution of a sensor networks 
and let PN be the network packet loss probability because of 
wireless link errors. Consider different possible ranges of 
delay of size S that a given packet i may suffer in the network, 
and for each possible delay range, probability of the packet i 
arriving in-order is computed as follows: 
 
Case 0≤ Di<S: In this case packet i is not re-ordered, because 
packet i arrives at the sink node before packet i+1 and 
subsequent packets are generated at the source node. Then 
probability of in-order arrival of packet i, when packet delay is 
between 0 and S is: 

/
0

( )
S

S
d

I A
p f c dc= ∫          (13) 

Case S≤ Di<2S: In this case, packet i suffers delay between S 
and 2S. In this case packet i arrives in-order if either packet 
i+1 is lost in the network or when packet i+1 arrives at sink 
node such that arrival time Ai<Ai+1.  Note that all other future 
packets other than i+1 will always arrive after packet i as they 
are generated after the worst case arrival time of packet i, i.e., 
when delay suffered by packet i approaches 2S. Therefore, 
probability of packet i arriving in-order when its delay is 
between S and 2S is:  
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where FD (a) is the CDF of the r.v. D that models delay in the 
network. 
Case 2S≤ Di<3S: Similarly ith sample arrives in-order when 
both i+1  and i+2  samples are dropped in the network or if 
they arrive then their arrival time is greater than Ai. Therefore 
probability of in-order arrival after considering all possible 
combinations of arrival and loss of i+1, i+2  samples is given 
by: 
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Case k≤Di<(k+1)S: For a general case, packet i arrives in 
order if for all possible combinations of arrival and loss of 
future k packets, the arrival time Ai<Ai+j where 1≤j≤k. For lost 
packets, arrival time is treated as infinite. Therefore 

(14) 

(15) 
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We can thus conclude that conditional probability that packet 
is in-order given that it has arrived is given by summation of 
all terms given by  Eq. 13-16: 

/ /
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j

p p
∞
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=∑           (17) 

Next step is to estimate network packet loss probability  PN 
using realistic wireless link loss model. We use the model 
presented in [23], which provides packet reception rate as a 
function of distance from the transmitter when Manchester 
encoding and NCFSK modulation schemes are used, i.e., 

     

( ) 1
16 82 0.641

[ ] (1 exp )
2

d
f l

RRp d
γ− −= −     (18) 

where ( )dγ is the SNR at a distance d between source node 

and the sink node,  f is the frame size, and l is the preamble 
length. SNR at a distance d is a function of transmission 
power. Using Eq. 18, network packet loss probability between 
source node and sink node separated by distance d is 
determined as: 

 1 [ ]N RRp p d= −          (19) 

 
 Substituting PI/A and PN  from Eq. 17, and Eq. 19 in Eq. 10m 
we get total packet loss probability PL  due to packet 
reordering and network losses, i.e., 
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 (ii) Estimation of  mean delay of packets given that they 
arrive in-order E[D|I]: In tardiness model given by Eq. 8, 
E[D]  is the expectation of the delay of all the packets that 
arrive at the sink node irrespective of their order of arrival. 
However, for applications that cannot tolerate reordered 
packets, the delay of reordered packets should not be included 
in the estimation of the expected delay at the sink node. 
However when we estimate expected delay based on the delay 
distribution of a network, it also includes delay for packets 
that arrive out-of-order at the sink node. Therefore, given the 
delay distribution fd(c) of the network, it is necessary to 
include correction to estimate expected delay for all packets 
that arrive in-order. We can estimate the conditional expected 
delay E[D|I]  given that packet arrives in-order with the similar 

approach used for computing /I Ap  given by Eq. 17. We get 
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Eq. 20 and Eq. 21 gives the new estimates of packet loss 
probability and the conditional expectation of delay 
respectively that considers impact of packet reordering. Now 
mean tardiness as given by Eq. 8 can be written as follows that 
is valid for estimating mean tardiness for applications that 
does not tolerate reordered packets. Therefore, new estimate of 
mean tardiness is:  
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3.  Verification of Analytical model for Tardiness 
 
Analytical model for estimation of mean tardiness given by 
Eq. 23 for the tardiness measure is validated using simulation 
results. The model considers impact of random network packet 
losses, network delay, packet reordering, and periodic 
sampling interval on the tardiness of the data between a 
source-sink pair. Source node is configured to generate 
samples periodically after S interval. We consider uniform 
network packet loss probability PN and exponential 
distribution for the packet delays with mean delay D. Fig. 6 
compares the simulation and tardiness model results for single 
source case under different network packet loss and delay 
conditions. For these experiments we consider an application 
that does not tolerate packet re-ordering, i.e., one that uses 
most recent measurement available in the input receive buffer, 
and all late out-of-order packets are treated as lost. In Fig. 6, 
model is verified for three cases 1-3 in order of increase in 
packet re-ordering. Intuitively, degree of re-ordering depends 
on the standard deviation of the delays suffered by packets 
between source-sink pair. Case 1 is an example of no packet 
re-ordering where sampling interval S = 5.0 seconds and 
standard deviation and mean delay is 0.1 seconds. However 
for Case 2, packet reordering increases where sampling 

(16) 

(22) 

(23) 

(21) 



interval S = 5.0 seconds and mean delay and standard 
deviation of exponential delay distribution is 20.0 seconds. 
We consider high network delays based on the observation 
that in sensor networks age of the data can be in tens of 
seconds [25]. For Case 3, S=5.0 seconds, and mean delay and 
standard deviation of delay is 50.0 seconds. Case 3 
corresponds to highest degree of packet re-ordering and Case 
1 corresponds to no packet reordering. As seen in Fig. 6, 
simulation results and model results for tardiness are in close 
agreement with each other for all three cases of varied degree 
of reordering. For case 1 of no packet reordering, simulation 
and model results overlap each other. As seen in the figure, for 
a given network packet loss probability PN packet reordering 
may lead to significant increase in the tardiness of the data.  
Fig. 7 corroborates the impact of standard deviation of the 
network delay on the fraction of the packets that arrives out-
of-order. For a given network packet loss probability, fraction 
of packets that arrive out-of-order, increases with increase in 
standard deviation. Note that exponential delay distribution is 
considered in Fig. 7. In the second set of experiment for model 
verification, sampling interval S is varied for a given network 
packet loss probability and mean delay, and its impact on the 
tardiness is studied for a source-sink pair. Fig. 8 shows the 
simulation and model results of tardiness under varying 
sampling interval S. In this experiment PN =0.0, and mean 
exponential delay D=20.0 seconds. As seen in the figure, 
tardiness increases with the increase in sampling interval and 
model results are in close agreement with the simulation 
results. 
 
 
4. Tradeoffs between Energy Consumption and 

 Tardiness of Data 
 
 Most of the sensor networks are energy constrained. In 
this section, we investigate the tradeoffs between energy 
consumption and the tardiness of the data. As seen in Section  
3, and Section 4 packet loss probability, network delays, and  
 
  
 
 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
sampling interval are the key factors that impact the tardiness 
of the data. Application can achieve desired tardiness bound  
between source and a sink node by configuring sampling 
interval, by controlling network packet losses (by adjusting 
transmit power for example), or network delays (via routing  
 

 

Figure 9.  Network with 221 nodes in a 15m x 15m grid, sink at  X=7, 
Y=7 

Tardiness Model Verification under different Network Loss and Network Delay
S=5.0 sec. and Exponential Delay Distribution

Case 1: Mean Delay D=0.1 sec., Case 2: Mean Delay=20.0 sec., 
Case 3: Mean Delay=50.0 sec.
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Figure 6. Verification of Tardiness model under for different 
Network  Loss Rates and Network Delays, Case 1 corresponds to 
random losses and no packet reordering, Case 2 and Case 3 
corresponds to random network losses and high to very high 
degree of reordering 

Figure 7. Impact of mean delay and standard deviation on the 
packet re-ordering under different network  packet loss conditions 
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Figure 8. Verification of tardiness model with varying sampling 
interval 

Tardiness Model Verification under Varying Sampling Interval S
PN =0, Mean Delay=20.0 sec
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  (c) 
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(d) 

(e) (f) 
Figure 10. Application of Tardiness measure in Adapting Sampling Rate and Transmission Energy of source nodes to achieve the desired Tardiness 
2.81 seconds with standard deviation =0. 
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algorithms, adjusting sleep schedule etc.). Configuring each of 
these parameters to achieve desired tardiness may impact the 
total energy consumption in the sensor network. Fig. 9 shows 
the simulation network used for performance analysis. It 
consists of 221 nodes in a grid of 15m x 15m sensing field. All 
data to the sink node at the center of the grid, indicated by red 
dot at X=7, Y=7. In this section, we consider single hop 
transmission. We consider a scenario when sink node 
periodically reads input buffer for the most recent available 
data with read interval ‘R’ . Each packet transmitted by a 
source node to the sink node may suffer random losses in the 
network. In this paper we consider network traffic such that it 
does not lead to packet losses because of network congestion. 
All packet losses in the network are considered to be due to 
wireless link errors.  We use a wireless link loss model given 
by Eq. 18 and Eq. 19 for simulating wireless link losses in the 
simulator. Table 2 shows different operating parameters used 
for determining packet loss rate as a function of distance 
between source and a sink node for a MICA2 hardware 
platform. As seen the table, we consider outdoor wireless 

environment and packet length is 54 bytes. In Fig. 9, 
maximum distance between any source-sink pair is less than 
10m and all nodes can communicate with the sink node in a 
single hop. Therefore, for this case we ignore delay suffered 
by packets between source and sink node. Moreover, all 
packets arrive in-order in a single hop communication. Three 
sets of experiments are performed for understanding tradeoffs 
between energy consumption and tardiness. 
 In the first experiment, all source nodes in Fig. 9 sample 
their environment periodically with sampling interval S=5.0 
seconds. Moreover, transmission power of each source node is 
kept constant, i.e., Tx=7dBm. Average loss rate is computed 
between all source-sink pairs for a network topology shown in 
Fig. 9 using Eq. 18, and Eq. 19 over 500 iterations. Fig. 10 (a)  
and Fig. 10(b) shows results for the experiment 1. Fig. 10(a) 
shows tardiness of the data from each source to the sink node 
at X=7, and Y=7 in Fig. 9. In this case average tardiness for all 
source-sink pairs is 2.81 seconds with standard deviation of 
1.39 seconds. In Fig. 10(a), results show that tardiness of 
different source-sink pairs varies widely between 2.0 and 
10.17 seconds in a grid.  Fig. 10(b) shows the corresponding 
energy consumption at each node in the network after 500 
seconds of simulation time. As seen in Fig. 10(b), when 
sampling rate and transmission power of all nodes is same, 
then each node consumes constant amount of energy, i.e., 
117.432mJ in 500 seconds. 
 Consider a data fusion application where it is necessary to 
have data with similar tardiness at the sink node. Using Eq. 
23, desired tardiness can be achieved by adapting network 
delay, total packet losses or sampling interval. In the second 
experiment, sampling interval S of each source node is adapted 
to achieve the constant mean tardiness of 2.81 seconds 
between all source-sink pairs. In this case transmission power 
of each node is kept constant, i.e., Tx=7dBm. Fig. 10(c) shows 
the sampling interval of all source nodes in a grid to achieve 
the desired tardiness. As seen in the Fig. 10(c), sensor nodes 
that are closer to the sink may sample environment at a slower 
rate. However, as the distance between source node and sink 
node increases, sampling interval decreases, resulting in 
higher sampling frequency. The intuition behind increasing 
the sampling frequency with distance is that when there is 
high network packet loss probability then sending larger 
number of packets has the potential to deliver more 
information to the sink node hence results in decreasing 
tardiness. It is important to note that this study does not 
consider occurrence of hot-spots, i.e., network congestion in 
the network due to increase in sampling rate at certain regions 
of the network. In all experiments, link bandwidth is not 
exceeded and there are no packet collisions. All losses are due 
to wireless link errors. Fig. 10(d) shows the energy 
consumption at all nodes in a grid when sampling intervals are 
configured to achieve the desired tardiness. As seen in the 
figure, energy consumption shows significant amount of 
variation depending on sampling frequency of the node. Nodes 
that are closer to the sink node consume significantly less 
amount of energy compared to nodes at corner of the network 
grid. Average energy consumption is 271 mJ with high 

Table 2.  Parameters to determine packet reception rate for 
MICA2 platform [23,24] 

Parameter Name Parameter Value 
Preamble  18 bytes 
Frame Length 36 bytes 
Encoding Manchester (2:1) 
Modulation NCFSK 
Packet Time 23.3ms 
Noise Floor -105.0dBm 
Output Power -20dBm to 10dBm 

(Chipcon CC1000 radio 
433/315 MHz) 

Path Loss Exponent 4.7 (outdoor) 
Shadowing Standard 
Deviation 

3.2 

Close in reference 
distance 

1m 

Close in reference 
power 

55dBm 

 

Figure 11. Comparison of total energy consumption in a 500 second 
interval for three different sensor network configurations with similar 
average tardiness characteristics 

Total Energy Consumption 
 Simulation Time=500 seconds, Average Tardiness is 2.81 
seconds, 221 Nodes in 15m x 15m grid, Sink at X=7, Y=7 
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standard deviation of 131.27 mJ in 500 seconds of simulation 
time. 
 In the third experiment, transmission power of each 
source node is varied while keeping sampling interval S 
constant, i.e., S=5.0 seconds to achieve the constant tardiness 
of 2.81 seconds for each source-sink pair. By changing the 
transmission power of the source node, packet loss rate 
between source-sink pair can be adjusted to achieve the 
desired tardiness. Aforementioned, packet delivery rate 
depends on different environment factors such as distance 
between source and sink node, path loss exponent, and the 
transmission power. As a first step, for each source node, 
acceptable network packet loss probability PN is estimated 
using tardiness Eq. 23 to achieve the desired tardiness of 2.81 
seconds. In the next step transmission power is estimated to 
achieve the acceptable PN (calculated in the first step) using 
wireless loss model proposed in [23] given by Eq. 18 and Eq. 
19. Fig. 10(e) shows the transmission power of each source 
node such that mean tardiness between source-sink pair is 2.81 
seconds. MICA2 Chipcon CC1000 radio can transmit at power 
between -20dBm and 10dBm at 433/315 MHz [24]. In Fig. 
10(e), all nodes that require transmission power below -
20dBm are configured to operate at -20dBm. In this 
experiment none of the source node needs transmission power 
greater than 8.75 dBm. For energy consumption computations, 
we have used the power consumption at each node which is 
not the same as the transmitted power. The relationship 
between actual power required and transmitted power for 
MICA2 specified in [24] was used assuming that MICA2 mote 
operates at 3V. Note that nodes that are closer to the sink node 
require low transmission power compared to nodes at farther 
distance from the sink node in order to maintain same 
tardiness between source-sink pair. Note that we have 
assumed that increase in transmission power does not lead to 
interference with the neighboring node. This is possible when 
a TDM based MAC protocol is used for packet transmission. 
Fig. 10(f) shows the energy consumed by the different nodes 
in the grid during 500 seconds of simulation time. Note that 
average transmission energy is 77.42 mJ with standard 
deviation 26.55 mJ. This is significantly better than the case 
when sampling interval was adjusted to meet the desired 
tardiness. Fig. 11 shows the total energy consumed in 500 
seconds of simulation time for all three experiments when 
similar average tardiness was achieved. As seen in the figure, 
adaptive transmission power performs best in terms of energy 
efficiency while maintaining same tardiness for all source link 
pairs. Adaptive sampling does not help in conserving energy 
but in this case all source sink pairs have the same tardiness of 
2.81 seconds. This study illustrates one of the applications of 
the tardiness model to optimize network configuration 
parameters to achieve tardiness goals of an application. 
 
5. Conclusions 
 
In sensor networks, network dynamics, networking protocols 
have significant impact on the tardiness of the data delivered 
to the processing nodes. The application requirements and the 

characteristics of the process being monitored will impose a 
limit on the tardiness that can be tolerated. This paper 
presented an analytical model for the tardiness that relates age 
of the data used for computation with network characteristics 
such as the network delays and loss rates, and transmission 
power, as well as the sampling frequency. Analytical model 
was validated using simulation results. We then applied the 
model to evaluate tardiness of data received at a sink node. 
The use of model to evaluate alternate strategies to achieve 
tardiness targets required by an application was also 
illustrated.  Simulation results for the parameters considered 
show that adaptive transmission power scheme is more energy 
efficient compared to adaptive sampling for meeting the 
desired tardiness requirements of the end users. There are 
many potential applications of the tardiness measure such as 
configuring sleep/active schedules of the MAC layer, 
sampling rate and transmission energy to meet real-time 
requirements. The tardiness process characteristics effectively 
capture the impact of network characteristics on the data used 
at sink nodes for decision making. Application tardiness 
bound requirements can be used to tune the network 
parameters to achieve sensor network application goals. 
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