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interactive interface is provided for users to submit applica-
tions of downloading and using data1.

To obtain the transient information of highway structure 
under the high-speed vehicle loads, the sampling frequency 
of highway SHM data reaches up to 2000Hz. Such high fre-
quency makes the data size reach 5 to 6 TB each month, 
which brings a heavy burden on the SHM data storage and 
management. Due to the limited storage capacity, local 
hard disk is used to store a small amount of SHM data. The 
remaining part of massive data is saved by storage server. To 
guarantee the information security, the storage server is not 
connected to the external network in case of server attacks 
and data loss. Therefore, the front-end server of highway 
monitoring data repository is only able to obtain data from 
storage server rather than store a great amount of data itself.

The heterogeneous data storage structure which consists 
of front-end server and storage server is commonly used 
in the domain of data service [1–4]. When users expect to 
download some data from the highway SHM data reposi-
tory online, they have to submit a using application first. 
If the manager of data platform approves the application, 
the user-required data are compressed and sent to the user 
via a temporary link. Since the storage size of local disk is 
limited, it is possible that not all the needed data are stored 
in the local disk. In this case, we have to fetch the required 
data from storage server to local disk and then send them to 

1  https://www.roadsdata.cn/

1  Introduction

With the constant improvement of highway construction, 
it is an important task to monitor the long-term perfor-
mance of highway service for structural health evaluation 
and maintenance decision making. As the cornerstone of 
revealing the essence of highway disease, structural health 
monitoring (SHM for brief) data are collected and stored 
by many regions and institutions. In recent years, massive 
highway monitoring data have been published online and an 
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the user. In addition, such scheduling may also be needed 
for user-required data in order to cope with real-time data 
access by users on the data sharing platform.

Furthermore, multiple servers are strategically placed 
across different geographical locations to handle applica-
tions closer to where the data is stored or needed, reduc-
ing latency and improving response times for data retrieval. 
In addition to optimizing application handling, this multi-
server setup also plays a critical role in mitigating network 
congestion issues caused by frequent data fetching opera-
tions between local disks and storage servers.

However, the fetched data needs to take up local storage 
space which has been full with SHM data. Hence, a part of 
data in the local hard disk will be covered by the fetched 
data. Note that since the covered data have been stored in 
the storage server, there is no data loss even though the 
stored data in local storage space are covered. But the fre-
quent fetching operations lead to the reduction of network 
Input/Output (I/O for brief) performance. In practice, the 
transmission speed of network I/O is an order of magnitude 
slower than that of hard disk I/O. Therefore, as the bottle-
neck of massive SHM data transmission, the network I/O 
costs need to be saved.

In the research field of SHM data analysis, most studies 
have focused on data processing for anomaly detection [5, 
6], disease diagnosis [7, 8], and infrastructure performance 
prediction [9–15]. As shown in Fig.  1, in the process of 
responding to SHM data applications, the time spent on data 
scheduling using network I/O takes up as much as 87.8% of 
the total process time. However, none of the existing work 
has considered optimizing the I/O costs in this process, so 
we attempt to fill this gap in this paper.

To decrease the network transmission costs and avoid a 
mass of redundant I/O operations, we define the problem 
of cost-saving response scheduling for highway SHM data. 
The problem is proved as an NP-hard problem, which means 
that for modern computing machines, it is not guaranteed 

that an exact solution is obtained in practical time. To solve 
this problem, we design a cost-saving scheduler to deter-
mine the response order of the highway SHM data applica-
tions from users. Based on the storage states of local hard 
disk and storage server, the scheduler computes the overlap 
of the most recent user-required data sets. The data reposi-
tory manager first responds to the application whose data 
overlap is the maximum. Via this solution, the I/O costs are 
reduced to at most (1+ 1

e−1 )-times the optimal ones, that is, 
if the optimal total I/O costs are 10TB, our solution creates 
at most 15.82TB.

To summarize, the contributions of this paper are as 
follows: 

(i)	 We study the problem of cost-saving response sched-
uling for highway SHM data applications. To the best 
of our knowledge, this is the first work to optimize 
network I/O transmission costs in the research field of 
SHM data analysis.

(ii)	 We prove that the hardness of this problem is NP-hard 
and develop a greedy algorithm with (1+ 1

e−1 )-approxi-
mation ratio, which takes the overlap of SHM data into 
consideration.

(iii)	Experimental evaluations demonstrate that our solution 
reduces the network I/O transmission costs up to aver-
age 42.16% compared with the most commonly used 
job scheduling strategies.

The rest of the paper is organized as follows. We first review 
the related work and provide the problem definition of our 
work. After that, we propose our solution and present the 
theoretical proof. Then, experimental results are discussed 
and analyzed. Finally, we conclude this paper.

2  Related Work

The related studies are divided into the following two main 
lines.

Job Scheduling. The definitions of job scheduling prob-
lem in different areas can be classified into single-objective 
optimization problem [16–22] and multi-objective optimi-
zation problem [23–28].

Aiming to minimize the maximum completion time, 
Nouiri et al. applied particle swarm optimization algorithm 
to solve the job scheduling problem [16]. To minimize total 
tardiness of jobs in the sequences, Azadeh et al. designed 
an integrated approach based on artificial neural network, 
genetic algorithm, and computer simulation to explore all 
the solution space in stochastic flexible flow shop with 
sequence-dependent setup times, job deterioration and 

Fig. 1  Time overhead of responding to SHM data applications
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learning effects [17]. To minimize the makespan, Chen et 
al. presented a simple 5

3 -approximation algorithm based 
on a partition of the job set into agreeable layers using the 
natural layered representation of the directed acyclic prece-
dence graph [18]. They also developed a greedy algorithm 
to reduce the number of singleton-job layers, resulting in an 
improved partition, which leads to a 4

3 -approximation algo-
rithm. Chen et al. presented a self-learning genetic algorithm 
involving Q-learning for job scheduling [19]. The compo-
nents of reinforcement learning were redesigned, including 
the state of genetic algorithm environment, the action of 
parameters, and the computing method of reward. To solve 
the complex structure problem in job scheduling, Park et al. 
proposed a new genetic algorithm based on a multi-chro-
mosome, which involves two kinds of decisions: machine 
selection and operation sequencing [20]. To achieve the 
goal to minimize the makespan in job scheduling, Huang 
et al. constructed an auto mixed integer linear programming 
model [21]. The model computed the precedence between 
operations of a job to be given by an arbitrary directed acy-
clic graph rather than a linear order. Sun et al. designed an 
improved hybrid genetic algorithm with variable neighbor-
hood search to address the job scheduling problem consid-
ering the machine workload balance in machining system, 
with the minimization of the makespan [22].

Kato et al. presented a solution of the multi-objective job 
scheduling, using a hierarchical approach that divides the 
problem into two sub-problems, that are the Particle Swarm 
Optimization to resolve the routing sub-problem and Ran-
dom Restart Hill Climbing for the resolution of scheduling 
sub-problem [23]. Altoe et al. treated job scheduling in a 
multi-objective way with makespan and total tardiness as cri-
teria [24]. They proposed a meta-heuristic algorithm based 
on the Clustering Search to produce a set of non-dominated 
solutions. Dai et al. defined a multi-objective optimization 
model with the objective to minimize energy consump-
tion and makespan [25]. To solve this model, they devel-
oped an enhanced genetic algorithm. Tan et al. formulated 
a mixed-integer programming model with the objectives 
to minimize the total carbon emission and makespan [26]. 
They designed an enhanced multi-objective particle swarm 
optimization method to solve it. To address the bi-objective 
job scheduling problem with respect to minimization of 
the maximum completion time and total tardiness, Turky-
ilmaz et al. proposed an algorithm called bi-objective hybrid 
genetic algorithm which integrates genetic strategy with a 
multi-search algorithm and used hyper-volume contribution 
measure in its two-level selection strategy [27]. Facing the 
multi-objective optimization of stochastic failure-prone job 

scheduling problem, the goal of Amelian et al. was to deter-
mine the best sequence of jobs, optimal production rate, and 
optimum preventive maintenance period for simultaneous 
optimization of three criteria of sum of earliness and tardi-
ness, system reliability, and energy consumption [28]. They 
first presented a new mixed integer programming model to 
formulate the problem. Then, by combining of simulation 
and NSGA-II algorithm, they put forward a new solution to 
solve this problem.

Comparing our work with the studies discussed above, 
we found that current methods mainly focused on the job 
scheduling problem in the industrial community. Facing the 
field of transportation infrastructure, our work defines the 
cost-saving response scheduling problem for highway SHM 
data applications, which is a kind of single-objective opti-
mization problem.

SHM Data Analysis. Existing research analyze SHM 
data mainly for anomaly detection  [5, 6], disease diagno-
sis [7, 8], and infrastructure performance prediction [9–15].

Bao et al. constructed a deep neural network for anomaly 
data classification to detect the potential anomalies in SHM 
data [5]. Tang et al. presented a new anomaly detection 
method based on convolutional neural network to detect the 
multi-pattern anomalies of SHM data [6].

Based on SHM data, Shang et al. designed a deep con-
volutional denoising auto-encoder to extract the damage 
features and detect the diseases for bridges [7]. Han et al. 
developed a bridge health monitoring system and utilized it 
to accomplish bridge health diagnosis [8].

Wang et al. proposed a Bayesian modeling approach 
to forecast the structural strain response using SHM data 
[9]. Based on real-time strain measurements, Kaloop et al. 
adopted double filtering and polynomial prediction to esti-
mate the dynamic behavior of highway steel plate girder 
bridges [10]. Zhu et al. first leveraged tunnel suitability 
index to evaluate the shield tunnel status [11]. Then, they 
recognized different degradation models and predicted the 
performance of shield tunnel based on Long Short Term 
Memory model and Dynamic Time Wrapping approach. 
Sadeghian studied the reliability of ship structure using 
structural health monitoring data under two factors, fatigue 
and corrosion failure, and assessed the life of the struc-
tures [12]. Wang et al. proposed a method for local damage 
monitoring and global health evaluation based on pavement 
SHM data [13]. Using SHM data, Tan et al. developed a 
real-time prediction model to estimate the mechanical 
behaviors of underwater shield tunnel structure by coupling 
the spatio-temporal correlation with external load through 
auto-encoder network [14].
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Proof  We proof the NP-hardness of cost saving response 
scheduling problem by reducing the typical knapsack prob-
lem [29] to it in polynomial time.

Let I = {I1, I2,..., In} denote the item set, V = {V1, V2,..., 
Vn} be the value list of corresponding items, where Vi(1≤ 
i ≤ n) is the value of item Ii(1≤ i ≤ n), W = {W1, W2,..., 
Wn} be the weight list of corresponding items, where Wi is 
the weight of item Ii(1≤ i ≤ n), and Wc be the weight con-
straint of a knapsack. Then, an instance of knapsack prob-
lem with item set I, value set V, weight set W, and weight 
constraint Wc is formally expressed as X = {I, V, W, Wc}.

Given any instance X = {I, V, W, Wc} of knapsack prob-
lem, we construct a corresponding instance Y of cost-saving 
response scheduling problem as follows.

Let A = {A1, A2,..., An} denote the set of user applica-
tions, C = {C1, C2,..., Cn} be the network I/O transmission 
cost list of corresponding user application, where Ci(1≤ i 
≤ n) is the transmission cost of application Ai(1≤ i ≤ n), 
D = {D1, D2,..., Dn} be the user-required data size list of 
corresponding application, where Di(1≤ i ≤ n) is the user-
required data size of application Ai(1≤ i ≤ n), and S be the 
data size budget of local hard disk. Finally, the instance of 
cost-saving response scheduling problem is formalized as 
Y = {A, C, D, S}.

Then, the solution of X = {I, V, W, Wc} can be computed 
with the solution of Y = {A, C, D, S} in polynomial time n.

In summary, the knapsack problem is reduced to the cost-
saving response scheduling problem. Since it is well-known 
that the knapsack problem is NP-hard, the cost-saving 
response scheduling is also an NP-hard problem. □

Even though the hardness of cost-saving response sched-
uling problem is NP-hard, the solution for it has to be a 
polynomial approximation algorithm, which is suitable for 
a large number of user applications. To ensure the response 
order set given by the algorithm close to the optimal set, 
such approximation should have a low ratio bound. Thus, 
the challenge to solve this problem is to develop a polyno-
mial approximate algorithm with a low ratio bound.

As discussed above, the optimization function F in cost-
saving response scheduling problem is the sum of network 
I/O transmission costs in the process of responding to user 
applications. We first prove that F is an increasing submod-
ular function via Lemma 1 and 2. The submodular property 
of F is shown in Lemma 1, and Lemma 2 shows the increas-
ing property of F.

Lemma 1  The optimization function F in cost-saving 
response scheduling problem is submodular. That is,

Du et al. discussed the framework of intelligent moni-
toring system for underground space infrastructure includ-
ing anomaly detection, disease diagnosis, and performance 
forecasting modules, and reviewed the existing approaches 
in these domains [15].

While the above-mentioned work proposed a lot of effec-
tive methods to analyze SHM data for anomaly detection, 
disease diagnosis, and infrastructure performance predic-
tion, none of current research considered the transmission 
costs of SHM data. To fill this gap, we take the network 
transmission I/O costs into account and develop a cost-sav-
ing response scheduler for highway SHM data.

Our work differentiates itself from all these existing 
studies in that the study of cost-saving response scheduling 
problem for highway SHM data applications is unexplored 
in previous work.

3  Problem Definition

In this section, we focus on the cost-saving response sched-
uling problem for highway SHM data applications.

Since our goal is to minimize the network I/O transmis-
sion costs of responding to user-required SHM data appli-
cations, we consider how to save expensive I/O costs with 
a reasonable response order. In order to avoid inputting or 
outputting repeated data sets, we involve data overlap in 
the evaluation of user-required data applications. Then, our 
problem is how to determine the response order with the 
consideration of data overlap.

The cost-saving response scheduling problem for high-
way SHM data applications is defined as follows.

Definition 1  (Cost-saving response scheduling) Given a 
time-ordered set A = {A1, A2,..., An} of data applications, 
each application Ai(1≤ i ≤ n) is a set of user-required data, 
the data size of Ai is not greater than the storage budget S 
of local hard disk, it spends network I/O transmission costs 
Ci(1≤ i ≤ n) to respond to Ai, the cost-saving response 
scheduling problem determines the response order set 
A∗ which minimizes the total I/O costs in the process of 
responding to A.

As defined above, we show the hardness of this problem as 
follows.

Theorem 1  Cost-saving response scheduling for highway 
SHM data is an NP-hard problem.
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and

F (Ab) = F (Aa ∩ Ab) + F (Ab \ Aa).

Thus,

F (Aa) ≤ F (Ab).

□  

Now we show that the optimization function of cost-sav-
ing response scheduling problem is an increasing submodu-
lar function. The increasing submodular property drives the 
solution discussed next.

4  Proposed Solution

In this section, we develop a greedy approximation solution 
with the increasing submodularity of the optimization func-
tion to solve the cost-saving response scheduling problem. 
Our basic idea is to greedily respond to the user application 
which maximizes the data overlap compared with the data 
stored in local hard disk.

Before discussing the greedy solution, we first explain 
the computation process of data overlap. Each user applica-
tion Ai ∈ A (1≤ i ≤ n) consists of a set of required data, 
that is Ai = 

∑m
j=1 Dij . Since there are many different types 

of highway SHM data, such as transverse strain data, lon-
gitudinal strain data, vertical strain data, and vertical stress 
data, each Dij  ∈ Ai contains a type label TP. As highway 
SHM data are collected with high frequency, there is also a 
time range label TR including the starting and ending time 
in each Dij . Therefore, both the data which are needed by 
users and stored in local hard disk are labelled by different 
types and time ranges.

As depicted in the Fig. 2, based on the above discussion, 
we define the data overlap of a user application as follows.

Definition 2  Given a user application Ai = 
∑m

j=1 Dij  and 
the data in local hard disk currently DL, the data overlap Oi 
of Ai is:

Oi = ∀TRx

N∑
k=1

getSize(Dij(TPk, TRx) ⊆ DL(TPk, TR))

F (Aa ∪ Ax) − F (Aa) ≥ F (Ab ∪ Ax) − F (Ab)

when Aa ⊆ Ab, where 1 ≤ a ≤ n, 1 ≤ b ≤ n, and 1 ≤ x ≤ 
n.

Lemma 1 means that given a user application set Ab and 
its subset Aa, when we add another application Ax into Ab 
and Aa, respectively, the increased optimization value of the 
new application set Ab ∪ Ax compared with Ab is not more 
than that of Aa ∪ Ax compared with Aa.

Proof  Since Aa ⊆ Ab, the I/O cost of Ab is not less than that 
of Aa. Hence, when we append Ax to Aa, the possibility of 
involving new data sets is higher. It follows that:

Since

Aa ⊆ Ab,

(Aa ∪ Ax) \ Aa ⊇ (Ab ∪ Ax) \ Ab.

Accordingly,

F ((Aa ∪ Ax) \ Aa) ≥ F ((Ab ∪ Ax) \ Ab).

Therefore,

F (Aa ∪ Ax) − F (Aa) ≥ F (Ab ∪ Ax) − F (Ab).

This means that the increase of I/O costs is greater when 
Ax is appended to Aa compared to when we append Ax to 
Ab. □

Lemma 2  The optimization function F is increasing. That is,

F (Aa) ≤ F (Ab)

when Aa ⊆ Ab, where 1 ≤ a ≤ n and 1 ≤ b ≤ n.

Lemma  2 means that the optimization value of a user 
application set Ab is not less than that of its subset Aa.

Proof  Since Aa ⊆ Ab, Aa ∩ Ab = Aa. Hence, we have

F (Aa) = F (Aa ∩ Ab)

Fig. 2  Overlap definition example
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where the function getSize() returns the size of a data set, 
Dij(TPk, TRx) denotes the data set Dij  whose type label 
is TPk and time range label is TRx.
We design our solution to cost-saving response schedul-
ing problem based on the computation of data overlap. The 
main idea is to give the priority to the application whose data 
overlap with the data stored in local hard disk is maximum. 
Since the network transmission cost is directly proportional 
to the transmission data size and the transmission data size 
is negatively related to the overlap between user-required 
data and local data. Therefore, when the data overlap is 
maximum, the network I/O transmission costs are the least.

For example, consider a highway SHM data sharing 
platform where multiple user applications accumulate dur-
ing the platform’s application response cycle. Suppose that 
User A and User B each require a certain amount of data to 
complete their objects. Under the current state of the local 
disk storage, the data required by User A has a significant 
overlap with the local disk storage, while the data required 
by User B needs to be almost entirely scheduled from the 
storage server, i.e., the overlap of User A’s required data is 
larger than that of User B’s . In this case, our solution priori-
tizes the data scheduling of Application A to minimize the 
additional network I/O transmission cost.

The pseudo codes of our solution are shown in Algo-
rithm 1. The inputs are the given time-ordered data applica-
tion set A and the storage constraint S of local hard disk. The 
algorithm produces a response order set A∗.

Fig. 3  Applying example of proposed response scheduler

 

Algorithm 1  Greedy Algorithm

We first initialize an empty set A∗ to record the response 
order for the given set A (Line 1). Using the definition of 
data overlap discussed above, we compute the overlap 
Oi for each data application Ai in A (Lines 2–6). Then, 
the application Ax which has the maximum data overlap 
is responded and added to A∗ (Lines 7–9). The process is 
repeated until all the data applications in A are responded 
(Line 10). Finally, we take the response order set A∗ as the 
output (Line 11).

The time complexity of Algorithm  1 is determined by 
the number of data applications in A (denoted by n). The 
computation cost of the maximum data overlap for each 
Ax is O(nlogn) (Lines 4–8). The time cost of determin-
ing the response order set for all data applications in A is 
O(n2logn) (Lines 1–11). Therefore, the time complexity 
of Algorithm  1 is O(n2logn). In practice, since the data 
repository manager responds to data applications periodi-
cally, there are not many applications in A. Thus, the value 
of n is small and the time complexity of Algorithm 1 is low.

The space complexity of Algorithm 1 is O(n), where n is 
the number of data applications in A (denoted by n).

We show the approximation ratio of Algorithm  1 in 
Theorem 2.

Theorem 2  Algorithm  1 is (1+ 1
e−1 )-approximation. That 

is, for the computed response order set A∗ and an optimal 
response order set Â, we have
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5.1  Effectiveness Study

To test the effectiveness of our greedy solution in terms 
of reducing the network I/O transmission costs, we com-
pare our approach (Ours for brief) with 8 commonly-used 
response strategies, that are response in application order 
(Order for brief), random response (Random for brief), 
response with the ascending order of user-required data size 
(AscSize for brief), response with the descending order of 
user-required size (DesSize for brief), response with the 
ascending order of the earliest timestamp in user-required 
data (AscTime for brief), response with the descending 
order of the latest timestamp in user-required data (DesTime 
for brief), response with the descending order of similarity 
to user-required data (Similar for brief), and response in the 
order generated based on Q-Learning (Q-Learn for brief).

Since the storage budget of local hard disk is 2TB, the 
size constraint of each data application is 2TB. Also, the 
timestamp of data application is accurate to hour. In the ini-
tial state, the local hard disk is full with four data types. The 
size of each data type is 0.5TB and the time range labels 
are the latest. When we replace the data stored in local hard 
disk with the fetched data from storage server, the random 
replacement strategy is adopted.

We first randomly generate a set of 50 data applications 
as the semantic data set. The number of data types, data 
type, data size of each type, time range in each application 
are all set at random. Since the network I/O transmission 
costs are directly proportional to the I/O transmission data 
size, we measure the transmission size of our method and 
the other 8 approaches. For fair comparison, we generate 
the parameters of each data application 10 times and report 
the average value of I/O transmission size. The comparison 
results are shown in Fig. 4.

As depicted in Fig.  4, Our method exhibits a decreas-
ing trend of I/O transmission size in Ours as the number 
of data applications which are processed increases, while 
the I/O size of the other approaches fluctuates sharply. This 
is because that our solution selects the application whose 
overlap with the data stored in local hard disk is the largest 
each time.

Then, we test the I/O transmission size on the real data 
set which consists of 50 data applications created by users. 
The evaluation results of our method and comparison 
approaches are shown in Fig. 5.

From Fig. 5, we observe that there is no I/O transmission 
size in Ours when responding to several data applications. 
This is because that when all the user-required data are 
stored in local hard disk, the network I/O costs are saved. 
And the total I/O transmission size on real data sets of Ours 
is the least among all the scheduling methods. The experi-
mental results also indicate that, apart from Ours, Similar 

F (A∗) ≤
(

1 + 1
e − 1

)
F (Â)

where F is the optimization function of cost-saving re-
sponse scheduling problem.

Proof  We first prove that F is an increasing submodular 
function via Lemma  1 and 2. Then, based on the results 
about greedy algorithms and the minimization of increasing 
submodular functions confirmed by [30, 31], the optimiza-
tion value, that is the network I/O transmission costs of A∗ 
is at most (1+ 1

e−1 )-times I/O costs of the optimal solution, 
i.e. Â. □

As a massive highway monitoring data sharing platform, 
our proposed solution is able to assist the platform adminis-
trator in the process of handling and responding to user data 
usage applications. The general workflow is illustrated in 
Fig. 3. When the platform administrator handles data usage 
applications submitted by users within a certain period, 
the relevant data from these applications are fed into the 
response scheduler. The proposed solution can swiftly pro-
vide a reply scheme for the platform administrator, ensuring 
that the network I/O transmission costs during the applica-
tion response process are minimized.

5  Experimental Evaluation

To verify the performance of our solution, we first conduct a 
set of effectiveness experiments on semantic and real SHM 
data applications compared with commonly-used job sched-
uling approaches. Then, we test the efficiency of our greedy 
algorithm. Finally, based on the comparison of some prin-
ciple replacement strategies, we determine the replacement 
method of our solution.

Data Sets. In our experiments, we use real SHM data 
from Jilin Tonghua Highway. Data set information are 
shown in Table  1. In each highway monitoring data file, 
there is a data type label and a time range label correspond-
ing to TP and TR in Definition 2, respectively.

Setup. All experiments are conducted on a computer with 
13th Gen Intel(R) Core(TM) i7-13620H CPU@2.40GHz, 
16GB memory. All algorithms are implemented in Python.

Table 1  Data Set Information
Data type #-Sensors Size of each file
Transverse strain 6 329.58MB
Longitudinal strain 10 549.30MB
Vertical strain 18 988.74MB
Vertical stress 9 494.40MB
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Fig. 4  Comparison results of response scheduling methods on 
semantic data sets
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Fig. 5  Comparison results of response scheduling methods on 
real data sets
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Considering the evaluation results on both semantic and 
real data sets, our solution reduces the network I/O trans-
mission size up to average 42.16% compared with the most 
commonly used job scheduling approaches. This further 
confirms the effectiveness of our solution on saving network 
I/O transmission costs.

5.2  Efficiency Study

To test the efficiency of our solution, we measure the run-
ning time of Ours on 5, 10, 15, 20, 25, 30, 35, 40, 45, 50 
data applications, respectively. The experimental results are 
shown in Fig. 7.

As depicted in Fig. 7, we observe that as the number of 
data applications rises, the running time of Ours increases 
steadily. This trend is expected because the time costs of 
deciding which application is worthwhile processing first by 
Ours are positively related with the number of data applica-
tions. The results further demonstrate the time complexity 
of our greedy algorithm.

In practice, there are few data applications which wait for 
processing. Therefore, we are able to spend little running 
time to finish the process of deciding the response order of 
data applications.

5.3  Replacement Strategy Selection

When we replace the data currently stored in local hard disk 
with the fetched data from storage server, there are some 
candidate replacement strategies. To select the best replace-
ment strategy for SHM data, we test the effectiveness of 

achieves the second-best performance. This is attributed to 
its utilization of the greedy principle, where it attempts to 
find the optimal solution at each step of the response pro-
cess. However, due to the random nature of its first response, 
which introduces a cold-start phase, the effectiveness of 
Similar falls short in comparison to Ours. Additionally, due 
to the extremely large state space in this problem, the per-
formance of Q-Learn based on reinforcement learning is not 
satisfactory.

In addition, the total I/O transmission sizes of response 
scheduling methods are show in Fig.  6. According to the 
evaluation results, our solution effectively reduces the net-
work I/O transmission costs both on the semantic and the 
real data sets.

Fig. 7  Efficiency results varying the number of data applications

 

Fig. 6  Total I/O transmission sizes of response scheduling methods
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6  Conclusion

In this paper, we proposed a novel cost-saving response 
scheduler for highway SHM data applications. Based on the 
scheduler, the response order is determined by data over-
lap greedily in the process of responding to data applica-
tions. Experimental results show that our solution decreases 
the network I/O transmission size up to average 42.16% 
compared with the most commonly used job scheduling 
approaches.

Since the highway SHM data are often accessed and 
required by users, our future work aims to present visual 
display of SHM data on the data sharing platforms. In addi-
tion, since it is difficult for users to determine the useful 
data, we are also interested to provide the interfaces of SHM 
data sketch to improve the user experience.
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different strategies, that are replacing SHM data randomly 
(Random for brief), replacing SHM data with the same 
type first (SameType for brief), replacing SHM data with 
the oldest timestamp first (OldTime for brief), replacing 
SHM data with the same type and the oldest timestamp first 
(SameT&OldT for brief), and replacing the least recently 
used SHM data first (LRU for brief), in our solution. The 
experimental results are depicted in Fig. 8.

From Fig. 8, we observe that as the number of data appli-
cations which are processed increases, there is a descending 
trend in all replacement strategies. This is due to the fact 
that our solution selects the application whose overlap with 
the data stored in local hard disk is the largest each time. 
Also, this confirms that the effectiveness is not affected by 
the type of replacement strategy. For the LRU strategy, due 
to the lack of historical applications in the early stages, it 
suffers significantly from the impact of data unscheduled 
visit and long-term periodicity in the preliminary phases of 
application response. This results in its substantial I/O trans-
mission costs. In addition, in most cases, the I/O transmis-
sion size of Random is lower than the other strategies and 
the total I/O size of Random is the least. This is because that 
there is not a fixed pattern in user-required data applications. 
The data type and data timestamp are set at random by users 
in the process of applying for SHM data. Therefore, we 
recommend adopting Random replacement strategy when 
using our approach.

In summary, the evaluation results demonstrate that our 
proposed solution with the approximation algorithm solves 
the cost-saving response scheduling problem for highway 
SHM data applications effectively and efficiently.

Fig. 8  Comparison results of different replacement strategies
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