
 

Journal of Computing and Electronic Information Management 
 

ISSN: 2413-1660 

 

50 

 

An Adaptive Sampling algorithm based on TCP congestion 

Strategy 

 
Mingxia Yang, Jianwen Fang, Jiajia Wu 

College of Electrical and Information Engineering, Quzhou University, Quzhou 

324000, ZheJiang, China 

 

Abstract: We present the design of a novel adaptive sampling technique based on 

TCP congestion Strategy, in which the temporal data correlations provide an indication 

of the prevailing environmental conditions and are used to adapt the sensing rate of 

a sensor node. It uses irregular data series prediction to reduce sampling rate in 

combination with change detection to maintain data fidelity. The prediction method 

employs Wright’s extension to Holt’s method of Exponential Double Sampling (EDS) 

coupled with a change detection mechanism based on exponentially weighted moving 

averages (EWMA). The main advantages are that it does not require heavy 

computation, incurs low memory and communication overhead and the prediction 

model can be implemented with ease on resource constrained sensor nodes. 
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1. Introduction 

Energy is one of the key issues in Wireless Sensor Networks. It mainly includes three 

parts, that is, sampling, computing and transmission, in which, transmission is 

generally considered as the most critical in energy communication between nodes, far 

greater than the energy consumption on the nodes. So a lot of researches has focused 

on how to deal well with data on the nodes in order to reduce the number and the 

amount of data transmitted. But with the depth and popularity of research and 

application, it was found out that in many applications is not the case, energy 

consumption on sampling and computing is also important to extend the network life 

cycle [1,2].  

In order to monitor the concentration of carbon monoxide of highway, sensors are 

deployed. And to prolong life cycle, algorithm EDSAS, based on double exponential 

smoothing method was used to adjust the sampling interval. In [3], sensor energy 
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management strategies were reviewed, and divided into three categories: level of 

awareness, adaptive sampling and perception model.  

A survey for different energy management strategies for power-hungry sensors can 

be found in [3]. It includes taxonomy of techniques including hierarchical sensing; 

adaptive sampling and model based sensing. 

[4] Proposed adaptive sampling algorithm based on cumulative sum(CUSUM) change 

detection techniques, dynamic estimation signal and prompts to change the current 

maximum frequency when the current maximum frequency exceeds a threshold and 

triggered an update to the sampling rate. It is a centralized approach, updating 

algorithm is executed at the base station, and the resulting sampling rate results are 

sent to each node. Hence, this method is not very scalable.  

Another method is statistical protocol. Each node in the data stream adaptation feature, 

automatically determines the sampling rate, using a Kalman filter to estimate the error 

within a given range. When problems occurs, apply for a new sample rate from a base 

station. Consider the existing energy base to identify new sampling rate, for example, 

using a Kalman filter on all active nodes to estimate the error is minimized, but the 

calculation is more complicated.   

With the same event happened in sensor networks, there is a certain correlation in 

time and space between data collected by the nodes, if these correlations are utilized 

to analyze data feature, we can avoid unnecessary sampling. In terms of time-

dependent feature, data can be combined with historical readings, in accordance with 

some kind of evaluation to the sampling feedback control. In simple terms, a node on 

a comparison of time data, if there is no change, sampling on the node can be delayed 

to the next interval. In other scenarios, in a relatively short time interval, there is little 

change between the data collected. in order to determine whether the sensor readings 

in the normal range, they designate a confidence interval according to the average 

readings during a period of time, and further determine whether to adjust the 

sampling frequency to adapt to change. These methods are very effective in stable 

environment. In the sampling protocol, each node compute sampling frequency 

dynamically according to changes in the readings and forecasting of the next 

observation 

This paper try to adjust the sampling rate based on the time serial correlation, to 

reduce the number of samples and do not lose important information at the same 

time, or even consider increasing the accuracy of data feature extraction. We use 

Wright's improved methods to Holt 'double exponential smoothing method to predict, 

and the exponential weighted average method (exponentially weighted moving 

averages, EWMA) for event detection [2]. The algorithm performance is compared 

with EDSAS algorithm in literature [1]. This paper is organized as follows: Section II 
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describes the double exponential smoothing, the algorithm is described in section III, 

IV gives the simulation and results analysis, and finally the conclusions of this paper. 

 

2. Exponential smoothing method 

Exponential smoothing method is raised by Brown (Robert G..Brown), Brown consider 

that time series trend are stable or regular, so time sequence may reasonably be 

postponed correspondingly. He thinks the recent past situation will continue into the 

near future in a way, so the larger weights on the most recent information.  

Full of simple average of the past all the time series data to be left out to use the 

same; the law does not consider the moving average of the data farther and give 

recent data weighted moving average method in greater weight; exponential 

smoothing law compatible with the whole period average and the moving average 

director, do not give up the past data, but only gradually weakened given the degree 

of influence that, as far away from the data, given the number gradually converges to 

zero rights. 

It has a basic recursive equation of the form of 

St = αyt + (1 − α)St−1 

0 < α ≤ 1, t > 0 

where, St  is the next step estimate, St−1  is the running EWMA and yt is the latest 

reading, α is a smoothing constant. The measure is obtained by giving highest weight 

to the latest observation and giving exponentially decreasing weights to the distant 

observations, that determines the weights given to the latest and historical data. 

The single exponential smoothing does not work well with datasets that exhibit 

trends. Hence, EWMA has been chosen to be used as a change detection 

mechanism, while Wright’s extension [10] of EDS has been adopted as the 

forecasting technique because of its ability to work with datasets that have trends 

and irregular sampling intervals. 

Despite the double exponential smoothing method can be used for data sets with 

linear trend, but it requires data collection interval it is regular. The modified Wright's 

EDS can be used irregular sampling time series. According to this algorithm, the next 

sampling interval k is calculated as follows. First calculate the estimated value y′t+k 

y′t+k = Lt + KMt                                       (1) 

where, t is an index of the time series and ; Lt and Mt represent the estimate and 

trend respectively at interval t ; and K is the step size between the observations at 

interval t+1 and t. The step size can vary dynamically and take different values across 

the two time instants t+1 and t . This enables Wright’s extension to forecast for 

irregularly sampled time series. The update equations for and follow the basic principle 

as follows: 
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new estimate=(parameter)new information+ 

(1- previous estimate   

and are given by the following relationships: 

Lt+k ← (1 − Vt)(Lt + KMt) + Vtyt+k                                     (2) 

Mt+k ← (1 − Ut)Mt + Ut+k(Lt+k − Lt)/k                                (3) 

The previous estimate for Lt  is Lt + KMt ,and the new information about Lt  is the 

actual data reading  yt+k. The previous estimate of Mt is Mt and the new information 

about is (Lt+k − Lt)/k. Also, in equations (5-3) and (5-4), the parameters and are 

changed to reflect the changes in time spacing as follows : 

Vt+k = Vt/(bt+k + Vt), 

bt+k = power((1 − α), k)                                      (4) 

Ut+k = Ut/(dt+k + Ut), 

dt+k = power((1 − β), k)                                         (5) 

Where, Vt and Ut are normalizing factors and α , β are the smoothing parameters . Vt 

and Ut  are initialized using the following relationships [64] where q denotes the 

average time spacing for the data [64]:  

Ut = 1 − （1 − β）
q
,Vt = 1 − （1 − α）

q
                            (6) 

The average time spacing for the pollution datasets used in this work is 1s. 

 

3. Algorithm Description 

The algorithm is divided into two stages. As shown in Figure 1. The first stage is used 

to calculate step based on the prediction error, that is, the difference between 

predicted and actual values. Step k is the time interval between two sampling points 

for time series prediction, to generate the next sampling point. The second stage for 

step adjustment, when an abnormality is detected, there could be important events 

or an error, the need for timely reduce the sampling rate. Details is described below. 

In the first stage, each sampling point by comparing the actual sample values and the 

predicted values to obtain a prediction error value δ, δ calculated based on a next 

sampling interval k, to obtain the next sample point. When the error δ in the allowed 

range, it can increase the value of k, but can not exceed the maximum value of k 

(denoted as S_max, determined by the needs of practical application). In the literature 

[1] used a simple add 1 to change the value of k, the value of k in any case linear plus 

one; in fact, in the case of stationary data, you can quickly increase the sampling 

interval. Thought herein by reference TCP congestion control: the initial value of k is 

set to 1, in the range of k <S_max / 2, using the exponential growth mode, k = 2 * 

k, k doubled; when k S_max / 2 arrival , slowing the growth rate of k, use k = k + 1 

linear growth pattern of. When δ is out of range, k is not directly reduced to one, but 

the first half, that is, k = k / 2. 
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The second phase of the main task is to detect events. When k reaches a maximum, 

and the maximum continuous sampling, the sampling process need to be monitored 

if there is an abnormality occurs. Sensor error exception means that an event has 

occurred, or, if abnormal, you need to reduce the value of k. Anomaly detection 

method according to the literature [5] exponentially weighted average method. EWMA 

smoothing method has two parameters: α_long, α_short, which is used to calculate 

long-term smoothed value α_long L_long, α_short used to calculate the short-term 

smoothed value L_short, and θ = L_short / L_long, when θ exceeds a certain threshold, 

on behalf of an event occurs, then the value of k is reduced accordingly. Algorithm 

pseudo-code as follows: 

Algorithm adaptive temporal sampling 
Initialize variablesk ← 1, δ, Smax 

Initialize EDS smoothing parameters α，β 

Initialize EWMA smoothing parametersαlong,αshort 

Initialize Wright’s extension variables 
Initialize forecast 

function senseData(t+k) 

while (dataCollection == TRUE) 

yt+k← collect data sample 

adaptiveSampling(yt+k, k,δ,Smax) 

end while 

end function 

function adaptiveSampling(yt+k,, k,δ,Smax) 

 

if (yt − y′t < 𝛿) then 

if (k<Sec) 

k=2*k; 

elseif (k<Smax) 

k=k+1; 

Endif 

Else 
Sec=fix(k/2+0.5); 
if k>=2 
k=k-1; 
end 
endif 

% 

if(k == Smax ) then 

if(consecutiveSmax predictions) then 

update Llong , Lshort 

Evaluateθ ← Lshort/Llong 

if (θ > 1) then 
k ← 1 
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end if 

else 
reset Llong , Lshort 

end if 

end if 
senseData(t + k) 

end function 

 

4. Algorithm analysis and simulation results 

This section provides a detailed analysis of algorithm properties through experiment. 

The algorithm is implemented in MatLab, the data set is a 24-hour indoor water 

temperature dataset. Since the temperature changed little, the data is relatively stable, 

the parameters of the algorithm used in the list below. 

Table 1 Algorithmic parameter list 

parameter value 

α 0.9 

β 0.6 
αlong 0.01 

αshort 0.9 
δ 0.07 

Smax 8 

q 1 

 

Sampling rate adjustment aims to avoid unnecessary sampling, thus saving energy. 

However, due to elongated sampling interval, it is easy to miss some important 

changes and information. So to measure the performance of the algorithm, the basic 

indicators is the sampling rate and event miss ratio, here mainly for these two 

indicators make specific comparisons and analysis algorithms . 

Sampling rate defines the number of sample points concentration ratio data obtained 

with the algorithm and the actual number of sample data points. This represents 

energy savings of sampling algorithm. 

Event miss ratio is the proportion of leak detection event, that is, the number of 

events algorithm detected and the actual number of events in the database. If event 

occurs at some point,, and that point has not been sampled, then that is an event 

missing. Nf behalf of the event with the number of lost, n represents the entire 

number of sampling points, miss ratio is calculated as follows 

MR =
nf

n
                                                       (7) 

In sampling performance analysis, parameter setting is very important. Fault tolerance 

range is set from 0.01 to 0.11, the maximum step length range is set 1s to 20s. Fault 

tolerance selected for the application based on the actual situation of the scene. For 
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example, what kind of change is unusual in indoor temperature, here we set from 0.01 

to 0.11. 

Take 9000 data points from dataset to run the program, relative threshold δ = 0.07, 

Smax = 8, experiment different data segments. Part of the results obtained is shown 

in Table 1. n2 represents the actual number of events, n1 representatives judged the 

number of events, t is the number of samples. 

Table 2 results 
Beginning of data method n1 n2 t SF MR 

3000 
EDSAS 56 101 1359 0.1509 0.0331 

TCP-BASED 56 101 1196 0.1328 0.0376 

8000 
 

EDSAS 57 105 1491 0.1557 0.0322 

TCP-BASED 60 105 1196 0.1328 0.0376 

12000 
 

EDSAS 36 80 1514 0.1682 0.0291 

TCP-BASED 33 80 1178 0.1309 0.0399 

To reduce the randomness, the data were collected from different segments. In terms 

of obtaining the number of events, EDSAS and TCP-based method exhibit similar 

performance. In terms of the number of samples, TCP-based approach significantly 

lower than EDSAS. Therefore, TCP-based approach maintain unchanged on event 

detection and reduce the sampling rate further. 

Then consider the parameters of the two adaptive sampling methods, the maximum 

step length and fault tolerance. First, in the relative threshold δ = 0.07, experiment 

on different S_max, the results is shown in Figure 2. From Figure 2, we find that when 

the maximum step size increases, the sampling rate decrease; at different S_max, 

TCP-based methods of sampling rates is lower than EDSAS. 

Since the actual sampling times of the two methods are not the same, and therefore 

Miss Ratio evaluation is not comparable, so directly compare the number of events of 

the two methods actually get, the results is shown in Figure 2. 

 
Fig. 1 Sampling Rate Comparison under Different Maximum Step Sizes 
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Fig. 2 Comparison of the number of events captured under different maximum step 

sizes 

The figure shows the number of events and EDSAS method to get the TCP based 

methods are basically the same, there is no loss of important events. Next, consider 

the impact of different thresholds for sample rate and event loss rate. Take S_max = 

8, the results based on different relative threshold as shown in Figure 3- 4. 

 
Fig.3 Comparisons of Sampling Rates with Different Maximum Fault Tolerance Rates 

 
Fig.4 Comparison of the number of events captured under different fault-tolerant 

thresholds 

 

When fault tolerance rate increase, sample rate decreased rapidly when the fault rate 
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increased from 0.05 to 0.07, the sampling rate EDSAS method fell from 18% to 17%, 

while TCP-based sampling methods, sample rate from 18 percent to 13 %, 

performance better than EDSAS; Get the number of events in terms of the 

performance of the two methods is still basically the same. So we can confirm that 

fault tolerance algorithm’s impact is relatively large. For different application scenarios, 

we need to set reasonable parameters experimentally. Consider data accuracy and 

energy loss are two factors, from the figure can be found in the appropriate parameter 

values. 

 

5. Conclusion 

Parameter setting depends on the specific application requirements, select the 

appropriate parameters for the scene. The algorithm can dynamically adjust the 

sampling interval and obtain important information as possible. When the prediction 

error is below a threshold value, step k increases, which would allow the sensor nodes 

to avoid unnecessary sampling. On the other hand, if the prediction error exceeds the 

threshold, or event is detected, the algorithm will reduce the value of k, sampling on 

a smaller sampling interval, avoid the loss of important information. The improved 

algorithm based on TCP congestion control, so adjustments of k can quickly respond 

to changes. Experimental results show that the algorithm further enhance the 

effectiveness of the sampling rate adjustments. The algorithm is simple, easy to 

implement in resource-constrained nodes. 
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