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Dear reviewers : 
 

We wish to thank anonymous reviewers for your insightful comments and for identifying the points 
which have driven us to improve and enhance once again our manuscript. This document includes three 
parts, (1) responses to the reviewers’ comments, (2) summary of changes in the revised manuscript, and (3) 
the revised manuscript. 
 

Part 1 : Responses to the reviewers’ comments 
 
Reviewer 1 

In this paper, the authors proposed an online adaptive Message Scheduling Controller(MSC), which is 
designed to dynamically respond to the network dynamics for CAN real-time systems. The MSC is 
realized by the Radial Basis Function (RBF) network with supervised parameter tuning. Two novel 
learning algorithms for parameter adaptation are also proposed. Experiments are also conducted to 
demonstrate the efficiency and effectiveness of the proposed strategies compared to the FPS, EDF 
schemes. A few suggestions: 
1. The title of figure 1 may be shorten. 
2. Part 6 should be “Summary” or “Conclusion”, it should be typing error 
3. There should be more addressing about the simulation result discussion about the convergence 
speed, and bandwidth utilization about the proposed scheme as compared to other schemes 

 
Responses to (1) 

The title of figure 1 is shorten as “The schematic diagram of the MQP, where each queue is served in 
First-In-First-Out discipline.” Please refer to the revised manuscript in part 3. 

 
Responses to (2) 

The typing error of the title in section 6 has been corrected as “Conclusion”. 
 

Responses to (3) 
(i) Regarding the discussion of convergence speed, this comment is also related to suggestions from 

reviewer 2. We have done several experiments to describe the convergence property, in terms of the CPU 
time or the number of iterations for the proposed learning strategy. In fact, if the required number of 
iterations is small, it simply implies fast convergence and quick learning. The following simulation results 
do confirm our ratiocinations. 

The major computation time includes forward and backward phases in the RBF network. Since the 
forward phase is necessary for every incoming pattern, it is very straightforward to calculate its CPU time1. 
The average CPU time τF of each forward cycle is defined as the ratio of the time spent in forward phase 
to the actual time involved in the forward learning cycle. Since the forward learning cycle depends mainly 
on the structure of the RBF network, its computation time is expected to increase with the number of 
RBFs (n_RBFs). This tendency can be observed from Table 1. In Table 1, we show τF over 10 
randomizations. As was expected, τF increases approximately from 71 μs to 88 μs when the n_RBFs 
increases from 1 to 14. 
                                                           
1 The CPU time is measured in microseconds using a personal computer with Intel Core2 CPU (6600@2.40GHz with 2G MB memory) and 
Matlab 7.0. 
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Table 1. Average CPU time τF (measured in μs) per forward learning cycle versus n_RBFs. 
n_RBFs 1 2 3 4 5 6 7 

τF 71.1±11.1 82.6±14.3 83.4±14.6 83.7±14.4 84.1±15.2 84.7±14.5 84.7±14.4
n_RBFs 8 9 10 11 12 13 14 

τF 85.2±14.6 86.1±14.8 86.4±14.9 86.9±14.8 87.0±14.9 87.6±15.0 88.2±14.9
 
On the other hand, the CPU time in the backward phase is more complex to estimate. The CPU time 

of backward learning cycle depends not only on the n_RBFs but also on the traffic load ρ and θσ. We 
consider these factors {n_RBFs,ρ,θσ} to compare their computation time. In the following simulations, 
one of theses factors is varied and the others are fixed in each experiment. In these experiments, 10 trials 
are repeated and then the CPU time is averaged. To facilitate our analysis, we define τB,I and τB,II as the 
average CPU time per learning cycle for type I and II of learning. τB,I and τB,II can also be decomposed as 
the product of the average number of iterations (νI and νII) in each learning cycle and the average CPU 
time per iteration (λ), i.e. τB,I=λ*νI and τB,II=λ*νII. In the first experiment, n_RBFs is varied from 1 to 14 
when {ρ,θσ} is {0.8,0.014}. Given a RBF network with m RBF nodes and p-class of messages, the total 
number of tunable parameter is (2p+2)*m + m*p, where the first term is the free parameters of RBFs and 
the second term is related to the number of connection weights. Due to the increasing number of tunable 
parameters, the average CPU time per iteration is expected to increase. An increasing tendency of λ with 
n_RBFs can be observed in Figure 1(e). The simulation result is in good agreement with our expectation. 
Another two graphs in (c) and (d) are the average number of iterations for both types of learning. It should 
be noted that the required parameter iterations are quite small and can result in fast convergence. Finally, 
the average CPU time per learning cycle is also illustrated in (a) and (b) for comparisons. In these sub-
figures, τB,I is increasing steadily while τB,II is increasing with a little bit fluctuation. The oscillation of τB,II 
mainly comes from the rising and falling of νII in (d). 

Figure 1. Average computation time of type I and type II learning in backward learning cycle 
with the variations of n_RBFs when {ρ,θσ} is {0.8,0.014}. (a) and (b) are the average CPU time for 
both types of learning. (c) and (d) are the average iteration number for both types of learning. (e) 

2 4 6 8 10 12 14
180

200

220

240

260

280

300

320

n_RBFs   (a)

τ B
,I

( μ
se

c)

τB,I = λ*νI

2 4 6 8 10 12 14

400

450

500

550

n_RBFs   (b)

τ B
,I

I( μ
se

c)

τB,II = λ*νII

2 4 6 8 10 12 14

1.6

1.7

1.8

1.9

2

n_RBFs   (c)

ν I

Avg. # of iter. per learning cycle

2 4 6 8 10 12 14

3

3.5

4

4.5

n_RBFs   (d)

ν II

Avg. # of iter. per learning cycle

2 4 6 8 10 12 14
100

110

120

130

140

150

160

170

n_RBFs   (e)

λ(
μs

ec
)

Avg. CPU time per iteration



 3

shows the average CPU time required for each iteration. 

The second experiment is conducted when {n_RBFs,ρ} is {6,0.8}. The values of θσ are changed from 
0.01 to 0.3 with a step value of 0.03. Similar conclusions can be drawn from the first experiment except 
that τB,I and τB,II behave in reverse trends in Figure 2(a) and (b). Since the number of RBFs is fixed (in this 
case, the number of tunable parameters is 66), the computational effort of one iteration is almost the same, 
approximately 145 μs in Figure 2(e). Although λ is almost the same, νI and νII increase and decrease in 
different fashions. This explains why the graphs in (a) and (b) behave differently. 

Figure 2. Average computation time of type I and type II learning in backward learning cycle 
with the variations of θσ when {n_RBFs,ρ} is {6,0.8}. 

In the last experiment, we alter the traffic load to estimate the computation time with six RBFs and a 
fixed value of θσ, e.g. 0.014.The traffic loads affect the occurrences of both types of learning in a different 
manner. In Figure 3(e), λI of type I learning almost remains constant without too much influenced by load 
changes ((a)、(c)、and (e)). On the other hand, when the traffic load is low or medium, type II learning 
never takes place. When the traffic load becomes heavy, transmission failures are possible and type II 
learning starts for parameter adaptation. Therefore, λII, νII, and τB,II become nonzero and increase only 
after the traffic load is greater than 0.5, as shown in (b)、(d)、and (f) in Figure 3. 
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Figure 3. Average computation time of type I and type II learning in backward learning cycle 
with the variations of ρ when {n_RBFs,θσ} is {6,0.014}. 

 
(ii) Regarding to the issue of bandwidth utilization, we foucus on providing uniform bandwidth 

utilization for queued messages under the proposed learning strategy. In other words, the queue should be 
selected in a fair fashion while keeping a minimum transmission failure rate (TFR). The following figure 
can clarify our viewpoint. In Figure 4, we continue “Simulation 1” (referred to the revise manuscript) by 
plotting the queue selection probabilities Pi for three queues. It can be observed from the figure that the 
MSC retains steady values, i.e. 0.374±0.020, 0.330±0.009, 0.296±0.014, without too much affected by the 
variations of ρ. Although Pi of the MSC is nearly constant, the orders of queue selection can be 
significantly different. In this sense, the bandwidth is used optimally by altering the orders of queue 
service but still keeping a nearly constant probability. This fact clearly explains why the TFRs of the MSC 
can be lower than the EDF or FPS as we showed in Table 4 of the revised manuscript. In Figure 4, Pi of 
the EDF decreases or increases and approaches the MSC asymptotically. The variations of Pi, however, 
are intended to adapt to changing ρ, in order to satisfy its deadline expiry scheme. 
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Figure 4. Queue selection probabilities Pi for Q1, Q2, and Q3. 

 
Reviewer 2 

1. Reference [4] and [15] are the same. 
2. It's not clear that the time required for learning phase, thus giving some feasibility analysis is highly 
recommended. 

 
Responses to (1) 

Reference [15] is removed. 
 
Responses to (2) 

The time required for learning phase can be related to the issue of the convergence speed as we have 
discussed in the response of reviewer 1. (please refer to Table 1 and Figure 1~Figure 3) The convergence 
speed should also reflect how fast the learning strategy is. In addition to this, we also investigate the 
influences of learning rate η (in Eq. 9 of the manuscript), which might lead to instability due to an 
improper value of η. To stabilize the learning process and to speed up convergence, η should be modified 
dynamically, according to the error curve or other heuristic measures. Currently, the learning rate is 
selected based on empirical observations on the values of sum-squared-error (SSE). In the beginning of 
each parameter updating cycle, the learning rate is initialized with a small value, e.g. 0.1. If the error value 
undergoes four consecutive reductions, the learning rate is increased by the factor a+, i.e. 
η(n)=min(ηmax,η(n-1)⋅a+). Whenever the error value shows any oscillations, e.g. one increase and one 
reduction, the value of η is decreased by a-, i.e. η(n)=max(ηmin,η(n-1)⋅a-). ηmax and ηmin are chosen to 
avoid too large or too small learning rates and ηmin and ηmax are 0.001 and 0.95, respectively. Typically, a+ 
and a- are 1.15 and 0.85 in this study and these two values are more or less chosen arbitrarily. The online 
training process stops whenever the error goal is achieved or the designated iteration number is reached. 
Accordingly, this adaptive learning rate policy is included in our hybrid learning methodology. The 
averaged results after ten repeated runs, 10,000 T for each run, are shown in Figure 5(a) and (b) when ρ is 
0.8. These two sub-figures show the average number of iterations per learning cycle for both types of 
learning at each time instant. It is surprising that the average number of iterations is fairly small for both 
cases. This phenomenon can be explained by the efficient learning method with adaptive learning rates. 
Due to a small value of θσ (i.e. 0.014), type I learning also occurs more often than type II learning. 
However, the computational efforts of type I learning for one parameter updating cycle are approximately 
the same after 500 T. On the other hand, the occurrence of type II learning is very rare unless any 
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transmission failures take place. It reveals the facts that both types of learning help each other to provide 
fair sharing of network bandwidth and to reduce transmission failures. Since online learning only occurs 
whenever specific conditions satisfy, the sub-figures (c) and (d) only record the variations of learning rate 
versus SSE at T=1 and T=343 of the 3th run for both types of learning, respectively. In (c), η remains 
unchanged at its initial value until the fourth iteration. By contrast, η continuously increases as shown in 
(d). In summary, we conclude that the error-based learning rate adjustment is very promising in dealing 
with message scheduling. More detail discussions about the learning rate modification can be found in 
[1][2]. 

Figure 5. Demonstrations of the effects of learning rate on type I and type II learning. (a) and 
(b) show the average number of iterations in parameter learning cycle. (c) and (d) are the variations 
of learning rate versus SSE at specific time instants. 

 
Reference 
[1] Mu-Song Chen and Ren-Jean Liou, “An Efficient Learning Method of Fuzzy Inference System,” 

FUZZ-IEEE’99, vol. II, pp. 634-638, Korea, Aug. 1999. 
[2] Mu-Song Chen, “A Comparative Study of Learning Methods in Tuning Parameters of Fuzzy 

Membership Functions,” IEEE SMC’99, pp.203, Japan, Oct. 1999. 
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Part 2 : Summary of changes 
 

According to the reviewers’ comments and suggestions, several changes and explanations in the 
revised manuscript are summarized here for references. Furthermore, layouts of figures are also re-
organized in the revised manuscript. 

 
Reviewer 1 

All the comments are replied carefully in the first part of this document. Considering the length of 
the paper, we only include partial results of Part 1 to the revised manuscript. 

 
Reviewer 2 

The time required for learning phase is reported in section 6. 
 
Since the RBF network is a quite popular machine learning method and can be found in lots of 

literatures, we also remove Figure 3 (A multi-input multi-output Radial Basis Function network) in the 
original manuscript. Finally, all of the major changes are marked with blue color for your attention. Once 
again, let us express our greatest gratitude for your thoughtful review of our manuscript. 
 
 

Yours Sincerely, 
Mu-Song Chen 
Sept. 23, 2010 
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An Online RBF Network Approach for Adaptive Message 

Scheduling on Controller Area Networks 
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ChangHua, 51591 Taiwan 

 
The Controller Area Network (CAN) is a communication bus for message transaction 

in real-time environments. A real-time system typically consists of several classes of 
messages and a scheduler is responsible to allocate network resources to fulfill timing 
constraints. Actually, the ability to guarantee timely transmission is fundamental to the 
success of a real-time network. Given sufficient bandwidth, the static scheduling 
algorithms can meet the bounded time delay. However, due to constraints on the 
availability of network bandwidth, not all messages can gain enough bandwidth to achieve 
the best control performance. Therefore, adaptive message scheduling policies that 
optimize the bandwidth utilization while supporting timeliness guarantees are of special 
interest. In this paper, we devise an online adaptive Message Scheduling Controller 
(MSC), which is designed to dynamically respond to the network dynamics. The MSC is 
realized by the Radial Basis Function (RBF) network with supervised parameter tuning. 
Two novel learning algorithms provide complementary effects (i) to prevent possible 
causes of non-uniform bandwidth allocation among requesting messages and (ii) to 
reduce possibilities of transmission failures. Simulation results show that the proposed 
MSC in conjunction with parameter adaptation outperforms the existing Fixed-Priority 
scheduling and Earliest-Deadline First method, in terms of convergence speed, 
schedulability, and transmission failure rates. 
 
Keywords - Controller Area Network, Message Scheduling Controller, RBF networks, 
Earliest-Deadline First 

1. Introduction 

The Controller Area Network [1][2] is a communication bus for message 
transmission in real-time distributed environments. Due to its decentralization of control, 
simplicity, and easy maintenance, CAN has been applied intensively in many time-critical 
industrial process control and automation systems. Since CAN is a broadcast 
communication mechanism, any message sent by a CAN node is delivered to all other 
nodes. Specially, the priority is used among messages competing for the network resources. 
Usually, messages in CAN are classified into different classes, depending on their 
importance. For example, a brake-by-wire system in the vehicle failing to react within a 
given time interval can result in a fatal catastrophe. While the timeliness of real-time 
communication must be guaranteed, the delay of non real-time messages, such as 
diagnostics and management operations, may exceed the desired bound without serious 
consequences. Moreover, the CAN system can also include different forms of uncertainty 
between message exchanging. Apparently, the underlying scheduling paradigm has a 
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direct impact on the guarantees for timely behaviors. Therefore, efficient scheduling 
policies that optimize the limited bandwidth utilization while supporting timeliness 
guarantees are of special interest. 

In general, there are essentially two types of scheduling strategies, i.e. static and 
dynamic. The simplest static scheduling is the Fixed-Priority scheduling (FPS) [3][4]. 
However, the FPS does not allow scheduling of dynamic systems, where an offline fea-
sibility test is a too restrictive approach of practical use. In dynamic scheduling, the 
decisions about which messages to be transmitted are performed at runtime. 
Earliest-Deadline First (EDF) scheduling [5] belongs to the class of dynamic algorithms, 
in which scheduling decisions are based on parameters that can be changed during system 
evolution. Usually, EDF can prove significantly better than static scheduling with respect 
to schedulability. However, the major drawbacks of EDF are (1) a reduction on the number 
of bits available for message identification, (2) the need to perform some periodically 
processing to update the dynamic priority field, (3) the occurrence of priority inversions 
due to the limited resolution for expressing deadlines, and (4) the need to exchange time 
synchronization messages [6]. Without taking into consideration the aforementioned 
problems, the EDF is perhaps the most appealing dynamic priority strategy [7]. 

Although static and dynamic scheduling algorithms have been proposed to solve 
message scheduling problems, they are often designed without taking into account the 
system uncertainty and suffer from time-varying characteristics of network. From the 
control point of view, both of them belong to open-loop paradigms. In this sense, 
schedules are not optimally adjusted and are prone to degrade rapidly in overload or 
time-variant situations. This is in contradiction to the requirement for a flexible system 
that ought to support system reconfiguration. In this context we have extended our 
previous results [8] by presenting a complete framework for online scheduling scheme, 
which includes a dynamic message scheduling controller (MSC) for closed-loop control. 
The controller, which is implemented by the radial basis function (RBF) network [9], 
manipulates input and output data through a set of adjustable parameters to respond in a 
manner similar to human reasoning. Furthermore, the online learning capability of RBF 
networks ensures the validity and efficiency of the MSC even when the queue loads are 
abruptly changed. The major difficulty in the design of the RBF network arises from the 
incomplete knowledge in applying a supervised learning strategy. Thus, we also suggest 
two novel learning algorithms, type I and type II learning, for parameter identification. 
These learning algorithms are quite similar to reinforcement learning [10] in that the 
measured inputs are only provided with feedback signals from system dynamics. The rest 
of this paper is organized as follows. In Section 2, we define the waiting time of messages 
on the CAN. After presenting the preliminary ideas and notations, a closed-loop 
control-plant model is discussed to solve the message scheduling problems. Then, the 
RBF network is introduced in Section 3. Afterwards, related online parameter adaptation 
is also addressed in Section 4. Two novel parameter learning algorithms are presented 
and employed to provide complementary strategies for message scheduling. In Section 5, 
experiments are conducted to demonstrate the efficiency and effectiveness of the 
proposed strategies. Finally, we conclude with a summary and discuss our future research 
directions in Section 6. 
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2. Problem Formulation 

In this study, we deal with message scheduling problems with multiple classes on 
the CAN. Before that, a common Message Queue Pool (MQP) in Figure 1 is assumed to 
accommodate different classes of messages. Each class of messages is stored in distinct 
queue for service. To facilitate our analysis, we have to know the temporal model on the 
CAN. Detail descriptions can refer to [11]. The most crucial factor which dominates the 
time delay of any messages is the waiting time spending in the queue until it is sent out. 
In general, the waiting time Wi(tk) of class i messages at tk depends on the number of 
messages in queue (or queue load), priority of messages, and the scheduling strategy, etc. 

Figure 1. The schematic diagram of the MQP, where each queue is served in 
First-In-First-Out discipline. 

Intuitively, the longer the message stays in the queue, the larger the waiting time is. 
To minimize message waiting time, our goals focus on designing a control methodology 
to maintain bounded time delay and to fulfill timely transmission. We assume that each 
class of message is associated with a deadline Di, which corresponds to the maximum 
permitted time from occurrence of the initiating event to the end of successful transmission. 
In this sense, a message thus is considered as meeting its time constraint when Wi(tk) is 
bounded by the relative deadline. On the other hand, if Wi(tk) is greater than Di, a message 
is not guaranteed to be transmitted successfully. Due to this fact, an important challenge in 
designing the message scheduling controller is to decide the optimal message 
transmission sequence (MTS). The problem can be formulated in the following 
constrained problem 

(1)  

To facilitate our analysis, we define the delivery delay δi(tk) as 

(2)  
The delivery delay provides an important assessment to evaluate the performance of 
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scheduling policy and is used intensively in the rest of this paper. With the definition of 
δi(tk), Eq. (1) can be reformulated as 

(3)  

From Eq. (2) or (3), a message is said to be timely transmitted if δi(tk) ≤ 0. On the contrary, 
a message cannot guarantee its timing constraints or is notified of transmission failure. 

Unfortunately, the solutions for optimal MTS often result in a combinatorial 
optimization problem which has been proven NP-hard in [12]. One of the possible 
approaches is to investigate all feasible solutions which are also known as exhaustive 
search with exponential runtime complexity [13]. Apparently, as the number of messages 
increases, the number of possible combinations grows even more rapidly making it 
impossible to guarantee a feasible solution. Intuitively, the CAN system is often a control 
system in the sense that the system samples the environment through sensors, calculates 
some control actions based on these readings, and then propagates the actions back to the 
environment through actuators. Based on this fact, we propose a discrete-time closed-loop 
controller-plant model, as the one depicted in Figure 2. In general, the state space model 
of Figure 2 in discrete time domain assumes the form 

(4)  

where x(tk) and y(tk) are the state vector and control signal, respectively. It is worth noting 
that vector x contains measured quantities from the network dynamics and y is the 
decision vector from the scheduler. In other words, the message scheduler determines 
optimal control policies to make a transition of state vector from x(tk) to x(tk+1) under 
control y(tk). A major benefit of closed-loop control is to incorporate the time-varying 
characteristics of network into the design specifications. From the control point of view, 
the message scheduling controller behaves like a message dispatcher and is responsible for 
deciding the optimal MTS, whereas the plant is analogous to the MQP as shown in Figure 
1. The closed-loop control in Figure 2 is divided into three stages, i.e. prediction stage 
and training stage in the MSC and transmission stage in the MQP. In the prediction stage, 
the MSC is responsible for distributing resources to queued messages as a function of the 
time-varying nature of the network. In the transmission stage, the messages stored in the 
winner queue are then retrieved in the First-In-First-Out (FIFO) discipline. The dedicated 
message is sent out and x(tk) forwards to its next state x(tk+1). The process continues until 
any transmission failures occur. In the training stage, regularity of controller’s parameters 
is critical in order to maintain timeliness transmissions under constraints on the 
availability of network resources and workload uncertainty. 

The key issue of updating controller’s parameter requires the explicit knowledge of 
f(⋅) and Φ(⋅). Usually, f(⋅) and Φ(⋅) denote some nonlinear functions and are generally 
unknown. In this context, we propose to utilize machine learning (ML) methodology to 
resolve this problem. With a set of sample data, ML algorithm can regulate controller’s 
parameters to capture the relationships between input and output variables. Therefore, we 
may not involve a detail mathematical model for the controller. Among many existing 
ML algorithms, the RBF network is one of the most appealing techniques with flexible 
mathematical structure. The RBF network is capable of identifying complex nonlinear 
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relationships between sample data without attempting to reach understanding as to the 
nature of the phenomena. Therefore, we adopt the RBF network as our learning platform 
for message scheduling. In what follows, we focus on the discussion and design of the 
MSC. We also present two novel learning algorithms for parameter adaptation. Since the 
RBF network is functionally equivalent to the MSC, both terminologies are used 
interchangeably in the rest of the paper. 

Figure 2. Block diagram for a closed-loop control system on the CAN model. 

3. Radial Basis Function Network 

The RBF network is a single hidden layer neural network [9]. The hidden layer 
consists of an array of RBF nodes (or hidden neurons) where each node calculates the 
Euclidean distance between the input vector and parameter vector of the neuron. The 
resulting value is then passed through a nonlinear function φj, which is also known as the 
radial basis function. Throughout this paper, we make use of Gaussian function as the RBF 
in the following formulation 

(5)  

Usually, the outputs yk of hidden nodes are then combined linearly by output weights 
based on the following equation 

(6)  
where wjk is the output weight and is connected between φj and an output unit k. θj are 
adjustable parameters, such as centers and spreads of φj. According to the Cover’s 
theorem [14], provided that the transformation from the input space to the feature (or 
hidden) space is nonlinear and the dimensionality of the feature space is highly compared 
to that of the input space, then there is a high likelihood that a non-separable classification 
task in the input space is transformed into a linearly separable one in the feature space. 

In the development of an optimal RBF network model, the parameter estimation 
procedure must include (1) the selections of appropriate centers ci and widths σi of φj and 
(2) estimations of the linear output weight vector w. From Eq. (6), the free parameter 
vector Θ is defined as 

(7)  

and Θ should be adjusted depending on the errors. Typically the instantaneous error E(t) 
is defined as 
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(8)  

where e(t)=y(t) - utarget(t) and utarget(t) denotes the target values associated with x(t). In 
online gradient-based learning method, the goal is to update iteratively the parameter 
vector Θ so that E(t) is reduced at each time step. In such a case, a general parameter 
update Δθ(t) can be derived from 

(9)  

and η is a small positive learning rate. 
Regarding the parameter learning of the RBF network, we have to decide (1) how to 

choose the input quantities of the network, (2) when to initiate the learning process, and 
(3) how to start supervised parameter adaptation. These issues are discussed in the next 
section. 

4. Parameter Identification 

To make the MSC more comparable to our work, we are intended to define 
appropriate inputs for the RBF network such that the controller becomes more responsive 
to the network dynamics. Firstly, we consider the instantaneous queue load ( )i ktρ , which 
is defined in terms of number of messages ni(tk) and the deadline Di of Qi 

(10)  

Accordingly, the instant load ρ(tk) is the sum of ( )i ktρ  for all queues 

(11)  
Eq. (11) is analogous to the bandwidth utilization ratio suggested by [4]. It is required 
that ρ(tk) is less than or equal to one to guarantee the schedulability of messages. 
Apparently, the large value of ρ(tk) can result in a heavy load and a significant growth of 
waiting time, excluding the CAN to be a real-time network. Certainly, including ( )i ktρ  
in the controller’s input becomes more significant when any queue load is abruptly 
changed. This phenomenon is verified in the second experiments in section 5. 

Secondly, the delivery delay δi(tk) in Eq. (2) reveals whether the message is timely 
transmitted or not. Without this information, the controller contains less knowledge about 
the message behaviors. It is evident that the delivery delay needs to be taken into 
consideration in the analysis such that the MSC can react to the network conditions 
directly. Finally, limited bandwidth occupied by messages is another important quantity 
for any real-time system. If any message’s waiting time nearly approaches its deadline 
while still satisfying timing constraints, any unexpected changes of queue load can induce 
unpredicted adversity. To alleviate this problem and provide fairness of bandwidth 
allocation, we should include the variations of waiting times for the controller’s inputs. 
We thus calculate the average waiting time ( )i kW t  over a sliding window with length M. 
A sliding window with a length of M measurements can be represented as 

T1( ) ( ) ( )
2

E t t t= e e
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E tt
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{Wi(tk-1-M),…,Wi(tk-1),Wi(tk)}. Then the average waiting time of class i message is 

(12)  

and the variation or standard deviation Dσ of the average waiting time is 

(13)  

At this point, the input attributes that are of relevance include ( )i ktρ , δi(tk), and Dσ. 
These quantities should contain time-varying characteristics of CAN and are very 
informative for the controller to “learn” to be an expert for scheduling predictions. We 
now arrive at our final expression for the inputs of the MSC in the following formulation 

(14)  

where χi(tk) is the vector with elements ( )i ktρ  and δi(tk). In our simulation tests, δi(tk) is 
also normalized by the deadline, i.e. ( )i ktδ =δi(tk)/Di. Therefore, χi(tk) is expressed as 
χi(tk)=[ ( )i ktρ , ( )i ktδ ]. 

In the training stage, we consider two situations to start parameter adaptation. Firstly, 
too large of the value Dσ indicates that either some classes of messages seldom gain the 
opportunity to access the network medium or the bandwidth sharing is not in a 
fair-sharing manner among requesting messages. In the long run, the waiting time of 
some messages increase significantly. This is referred to the phenomena of non-uniform 
bandwidth utilization. The controller should notify this fact and allocate more bandwidth 
for those messages to avoid possible transmission failures in advance. In this 
circumstance, type I learning is invoked for parameter adaptation. Secondly, we should 
consider the situations whenever any transmission failures really occur. When a 
transmission failure occurs, the controller needs a prompt recovery through effective 
parameter adaptation. This is referred to type II learning and its goal is to reduce the 
probability of transmission failures. In fact, both types of learning provide 
complementary effects (i) to prevent possible causes of non-uniform bandwidth 
allocation among requesting messages and (ii) to reduce possibilities of transmission 
failures. After we have decided two critical situations for invoking training processes, we 
show how to start type I and type II learning. 
 
A. Type I Learning 
 

The standard deviation Dσ in Eq. (13) is used as a measure to show how much the 
waiting time deviates from its mean value. Usually, a high value of Dσ appears to be due to 
inappropriate decisions made by the MSC. In this circumstance, we expect to keep Dσ as 
low and uniform as possible. To this end, when the value of Dσ is greater than a 
predefined threshold θσ, the RBF network should be aware of the tendency of the 
network situations and assigns more bandwidth for messages in QJ, where 

arg max ( )j j kJ W t= . Accordingly, type I learning is involved. The above concept can be 
accomplished by taking the target vector utarget as 

T 2 1
1 2( ) ( ) ( ) ( ) ( ) q

k k k q k kt t t t D t Rσ
+⎡ ⎤= ∈⎣ ⎦x χ χ χ

1

1 1( ) ( ),
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i k i r
r k Mi

W t W t i
M D = − −

= ∀∑
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(15)  

Thus, the input vector x(tk) and the above formulation consist of implicit knowledge for a 
uniform bandwidth utilization and the internal parameters of the RBF network are 
updated. Consequently, the likelihood of the RBF network to produce that particular 
action, {x(tk),utarget(tk)}, is reinforced. The pseudocode in Table 1 describes the operations 
of type I learning. 

Table 1. Procedure of type I learning. 

Procedure : type I learning 
When Dσ > θσ, find arg max ( )j j kJ W t=  

extract target vector target
th position

( ) 0       1      0k
J

t
⎡ ⎤

= ⎢ ⎥
⎢ ⎥⎣ ⎦

u  

loop supervised parameter learning 
forward x(tk) 
calculate error vector e(tk)=y(tk) - utarget(tk) 
Backpropagate error e and update parameters Θ of the RBF network 

end 
 
B. Type II Learning 
 

In response to any transmission failures, i.e. δi(⋅) > 0, type II learning is activated. 
Although many factors can result in the current transmission failure, it is still very 
complex to analyze any critical issues in affecting the existing failures. However, the 
value of δi(tk) reflects how much a message has been delayed for timely transmission. If 
δi(tk) = r for a positive integer r, it implies that there are at least r messages in Qi cannot 
satisfy timely transmissions. Instead of remedying these problems, we are intended to 
minimize the transmission failures in the subsequent time instants. To our best efforts, we 
should allocate more bandwidth for those delayed messages such that the probability of 
transmission failures can be reduced. In other words, we expect to keep at most r 
transmission errors in the next r time instances. To this end, the target vector associated 
with x(tk) is taken to be the following form 

(16)  

The value J refers to the message with maximum delivery delay. This is analogous to 
enhance the failure experience by reinforcing the connection weights linked with the 
output node J in the RBF network. In this regard, the MSC is taught to learn this 
cause-and-effect relation. Unfortunately, the crisp values in utarget always introduce extra 
side effects, i.e. overfitting, which memorize the training pattern rather than representing 
the systematic structure of the data. To resolve this problem, utarget is fuzzified by the class 
membership. The class membership is taken to be proportional to the waiting time. In 
this way, vector utarget is formulated as 

target
th position

( ) 0       1      0 ,    where  arg max ( )k j j k
J

t J W t
⎡ ⎤

= =⎢ ⎥
⎢ ⎥⎣ ⎦

u

target
th position

( ) 0       1      0 ,    where  arg max ( )k j j k
J

t J tδ
⎡ ⎤

= =⎢ ⎥
⎢ ⎥⎣ ⎦

u
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(17)  

where ( )i k
W i

i

W tS
D

=∑ . 

The exploitation of the fuzzy-valued target should resolve the problem of overfitting 
and expedite the learning process. Although the proposed approach is not too accurate, the 
output errors can still move downhill and thereby reach the feasible solution region, even 
though the movement is not necessary in the exact direction of steepest descent. 
Simulation experiments can validate our viewpoints in terms of transmission failures. 
The pseudocode in Table 2 describes the operations of type II learning. 

Table 2. Procedure of type II learning. 
Procedure : type II learning 

When δJ(tk) > 0 

extract target vector 1
target

1

( )( ) ( )1( ) q kk J k
k

W J q

W tW t W tt
S D D D

⎡ ⎤
= ⎢ ⎥

⎢ ⎥⎣ ⎦
u  

loop supervised parameter learning 

 
forward x(tk) 
calculate error vector e(tk)=y(tk) - utarget(tk) 
Backpropagate error e and update parameters Θ of the RBF network 

end 
 
Finally, Figure 3 illustrates a general framework of how the MSC incorporates type I 

and II learning with parameter adaptation. Three stages, including prediction, 
transmission, and training stages, are identified by dash boxes. The training stage is the 
most crucial part for the MSC. In this stage, the MSC not only makes itself online adapt 
to the changing dynamics, but also provides novel learning strategies for supervised 
parameter tuning. 

1
target

1

( )( ) ( )1( ) q kk J k
k

W J q

W tW t W tt
S D D D

⎡ ⎤
= ⎢ ⎥

⎢ ⎥⎣ ⎦
u
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Figure 3. The complete framework in the design of MSC for messages scheduling on the 
CAN. 

5. Simulation 

In this section, the applicability of the proposed MSC on CAN message scheduling is 
demonstrated through a series of simulation experiments. The MSC makes use of type I 
and II learning for supervised parameter adaptation. Throughout our simulations, there is 
a set of messages and each message is characterized by {Di,Wi(tk)}, where Di and Wi(tk) 
denote the deadline and waiting time for messages in Qi, respectively. Our convention is 
that messages in Qi have lower Di (or higher priority) over those messages in Qj, if i < j. 
Furthermore, we consider the non pre-emptive priority1 scheduling on the CAN messages. 
The simulation results are also compared with the FPS and EDF. 

Simulation 1 

In the first example, we consider three classes of messages (q=3) to be scheduled for 
a variety of loads, ranging from ρ=0.2 to 0.8. The value of ρ is calculated from Eq. (11). 
The RBF network is with six radial basis functions in the hidden layer. According to the 
input formulation in Eq. (14), the layer structure of the RBF network is 7-6-3. Since the 
tunable parameters are initialized with random seeds, each experiment is repeated 10 
times and the final results are taken from their average values. Table 3 summarizes 
several essential runtime parameters. 

Table 3. Runtime parameters2. 

                                                 
1 With non-preemptive scheduling, any process that is running continues running until finished. 
2 T is the basic time unit to calculate waiting times of messages. 
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Di {100 T, 200 T, 300 T}
ρ 0.2:0.05:0.8 
θσ 0.014 

structure of the RBF network 7-6-3 
Simulation time 10,000 T 

# of repeated experiments 10 

Figure 4 shows the waiting times under conditions of varying loads and different 
scheduling methods, i.e. MSC, EDF, and FPS. In Figure 4(a), the MSC curve incurs a 
longer waiting time for message of class 1 (i.e. Q1) and shorter waiting times for the other 
two classes. It implies that high priority messages in Q1 can be deferred in favor of low 
priority messages in Q2 and Q3 until they become urgent in (b) and (c). This compromise 
is considered important in order to maintain a low and uniform distribution of waiting time 
and thus efficient bandwidth utilization. On the contrary, the waiting time of low priority 
messages are greatly affected with increasing loads in the case of FPS, especially when ρ 
is greater than 0.5. This is because that only higher priority messages can gain access to 
the network and maintain bounded time delays at the expense of sacrificing bandwidth of 
lower priority messages. By contrast, the waiting time of the EDF is somewhat between 
the MSC and FPS when ρ is greater than 0.5. When the load is low (ρ ≤ 0.5), the EDF has 
similar waiting time as messages in Q1 as that of the FPS, due to its deadline expiry 
scheme. Unlike the FPS method, the EDF dynamically changes messages’ priorities when 
δi(⋅) changes or ρ increases. 

Figure 4. Average waiting time of messages vs. loads and different scheduling methods. 

Moreover, Table 4 compares the average transmission failure rate (TFR) for different 
methods. The individual TFRk of messages in Qk is defined as the following 

(18)  

In Table 4, the average TFR of the FPS increases significantly whenever the load is 
larger than 0.55. On the contrary, both of the MSC and EDF keep almost no transmission 
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failures until ρ is greater than 0.65. After that, both of them reveal similar behaviors 
except that the MSC still retains a lower TFR than the EDF. These results exhibit the 
correct functioning of hybrid learning and demonstrate a considerable improvement in the 
TFRs. 

Table 4. Comparisons of average TFRs for the MSC, EDF, and FPS. 

ρ 0.2 0.25 0.3 0.35 0.4 0.45 0.5 
MSC 0 0 0 0 0 0 0 
EDF 0 0 0 0 0 0 0 
FPS 0 0 0 0 0 0 0 
ρ 0.55 0.6 0.65 0.7 0.75 0.8  

MSC 0 0 0 0.34 % 0.38 % 1.51%  
EDF 0 0 0 0.66 % 2.69 % 3.32 %  
FPS 0 14.06 % 31.33 % 31.44 % 45.5 % 63.2 %  

 
To verify the effects of type I and type II learning and the fuzzified representation of 

utarget, we replicate the simulation and illustrate more graphs, e.g. type I learning, type II 
learning, and hybrid learning with binary outputs (Eq. (16)) and fuzzy outputs (Eq. (17)), 
for comparisons in Figure 5. There is no surprise that the hybrid learning (type I + type II) 
can achieve lower TFR than that of either type I or type II learning. When only type I 
learning is involved during parameter adaptation, it can also result in a lower TFR than 
type II learning. As was expected, type I learning can only assure timely transmission 
when ρ is less than 0.55 in this simulation. In hybrid learning, the one with fuzzified 
outputs can also attain the lowest TFR than the one with binary outputs. This verifies the 
fact that fuzzified outputs can avoid the sensitivity issues of the backpropagation 
algorithm. 

Figure 5. Evaluation the performances of type I and type II learning and hybrid learning 
(type I + type II) with binary outputs and fuzzy outputs. 
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Figure 6 also demonstrates the standard deviation (STD) curves for waiting times. 
Among these curves, we observe that the MSC keeps a steady value under different loads. 
This mainly benefits from the inclusion of Dσ in the input quantities. The steady 
tendency and low values of STD imply that the bandwidth allocation is in a fair manner 
and efficient bandwidth utilization. The advantage of low and uniform STD curves can 
prevent the possibilities of transmission failures whenever the load becomes saturated or 
the load is abnormally changed. This importance will show more in detail in the next 
simulation. Interestingly, the behaviors of the EDF and FPS are quite different. In the EDF, 
when the load is low, the high priority messages can easily gain access to the bus than the 
low priority messages. Consequently, variations of the messages’ waiting times are large 
and its STD value is high. When the load is high, all messages compete for the shared 
resources according to the deadline expiry policy. Therefore, the waiting time for 
messages is comparable and the STD value is low. This explains why the STD curve of the 
EDF decreases as the load increases. However, the priority of the FPS depends inversely 
on the deadline and is independent of the load. As the load becomes heavy, the lower 
priority messages starve from bus access. Hence, its STD curve increases linearly as the 
load increases. From the figure, one can also note that the STD curves in EDF and FPS are 
very sensitive to the load change. Finally, the queue selection probabilities Pi for the 
MSC are recorded. The MSC can retain steady probabilities, i.e. 0.374±0.020, 
0.330±0.009, 0.296±0.014, without too much affected by the variations of ρ. Although Pi 
is nearly constant, the orders of queue selection can be significantly different. In this 
sense, the limited bandwidth is used optimally by altering the orders of queue service but 
still keeping a nearly constant probability. This fact clearly explains why the TFRs of the 
MSC can be lower than the EDF or FPS, as shown in Table 4. 

Figure 6.  STD curves for waiting times with different scheduling methods and loads. 
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network demand to exceed network capacity. In this simulation, all runtime parameters 
are the same as shown in Table 3 except that the load exhibits uncertain characteristics. 
In a resource-constrained environment, this uncertainty gives rise to non-deterministic 
availability of network resources. Totally, there are three time intervals, i.e. IT1=[1 T, 
4750 T], IT2=[4751 T, 5250 T], and IT3=[5251 T, 10000 T]. The load is varied from 0.2 
to 0.9 and returns to 0.2 in IT2. For the sake of clarity, the FPS method is excluded in our 
analysis, owing to its incompatible performances. In Figure 7, two vertical dotted lines 
identify the interval IT2 and the thick horizontal lines are the deadlines for messages. 

In IT1 and IT3, all messages are schedulable and maintain stable waiting times as 
shown in Figure 7(a), (b), and (c) under the MSC scheduling. Nevertheless, the waiting 
times of the EDF in (e) and (f) exhibit higher fluctuations and instability. These 
phenomena also explain why the STD curve of the EDF in Figure 8 is higher than that of 
the MSC. When ρ is varied from 0.2 to 0.9 in IT2, this sudden change results in several 
transmission failures. In an average of ten realizations, the MSC experiences 
{29.5,42.2,43.6} transmission failures for each class of messages in contrast to {32,76,61} 
transmission failures for the EDF. Moreover, the STD curve of the MSC returns to its 
steady value more quickly than that of the EDF. After IT2, the MSC takes approximately 
390 T to restore to its steady state as in the IT1. However, the EDF may require more than 
610 T to arrive at its stable value (Figure 8). Usually, the EDF does not behave well in the 
presence of overload, but the MSC can handle overload in a predictable way. 

Figure 7. Average waiting time for the MSC ((a), (b), (c)) and EDF ((d), (e), (f)). 
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Figure 8. STD curves of the MSC and EDF. 

Finally, Table 5 also compares the TFRs for both methods in ten runs. The MSC has 
shown its quick convergence and reliable stability than the EDF scheduling with respect 
to transmission failures. In summary, it can be observed that the integration of type I and 
II learning provides complementary effects to sustain a uniform bandwidth allocation and 
to reduce transmission failures. 

Table 5. Comparisons of average TFRs for the MSC and EDF. 

run 1 2 3 4 5 
MSC 1.60 % 1.13 % 1.36 % 1.06 % 1.23 % 
EDF 3.86 % 3.86 % 3.86 % 3.86 % 3.86 % 
run 6 7 8 9 10 

MSC 1.05 % 1.06 % 1.26 % 1.19% 1.35 % 
EDF 3.86 % 3.86 % 3.86 % 3.86 % 3.86 % 

 
Finally, we present the computation times, including forward and backward phases 

of the RBF network. Since the forward phase is necessary for every incoming pattern, it is 
very straightforward to calculate its CPU time3. The average CPU time τF of each forward 
cycle is defined as the ratio of the time spent in forward phase to the actual time involved 
in the forward learning cycle. Since the forward phase depends mainly on the structure of 
the RBF network, its computation time is expected to increase with the number of RBFs 
(n_RBFs). This tendency can be observed from Table 6. In Table 6, we show τF over 10 
randomizations. As was expected, τF increases approximately from 71 μs to 88 μs when 
the n_RBFs increases from 1 to 14. 

Table 6. Average CPU time τF (measured in μs) per forward cycle versus n_RBFs. 

n_RBFs 1 2 3 4 5 6 7 
τF 71.1±11.1 82.6±14.3 83.4±14.6 83.7±14.4 84.1±15.2 84.7±14.5 84.7±14.4

n_RBFs 8 9 10 11 12 13 14 
τF 85.2±14.6 86.1±14.8 86.4±14.9 86.9±14.8 87.0±14.9 87.6±15.0 88.2±14.9

                                                 
3  The CPU time is measured in microseconds using a personal computer with Intel Core2 CPU 
(6600@2.40GHz with 2G MB memory) and Matlab 7.0. 
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On the other hand, the CPU time in the backward phase is more complex to estimate. 
The CPU time of backward learning cycle depends not only on the n_RBFs but also on the 
traffic load ρ and θσ. Due to limited space, we only consider the case where n_RBFs is 
varied from 1 to 14 when {ρ,θσ} is {0.8,0.014}. Given a RBF network with m RBF nodes 
and p-class of messages, the total number of tunable parameter is (2p+2)*m + m*p, where 
the first term is the free parameters of RBFs and the second term is related to the number of 
connection weights. To facilitate our analysis, we define τB,I and τB,II as the average CPU 
time per learning cycle for both types of learning. τB,I and τB,II can also be decomposed as 
the product of the average number of iterations (νI and νII) in each learning cycle and the 
average CPU time per iteration (λ), i.e. τB,I=λ*νI and τB,II=λ*νII. Due to the increasing 
number of tunable parameters, the average CPU time per iteration is expected to increase. 
An increasing tendency of λ with n_RBFs can be observed in Figure 9(e). The simulation 
result is in good agreement with our expectation. Another two graphs in (c) and (d) are the 
average number of iterations for type I and II learning. It should be noted that the required 
parameter iterations are quite small and can result in fast convergence. Finally, the 
average CPU time per learning cycle is also illustrated in (a) and (b) for comparisons. In 
these sub-figures, τB,I is increasing steadily while τB,II is increasing with a little bit 
fluctuation. The oscillation of τB,II mainly comes from the rising and falling of νII in (d). 

Figure 9. Average computation time of type I and type II learning in backward learning 
cycle with the variations of n_RBFs when {ρ,θσ} is {0.8,0.014}. (a) and (b) are the average 
CPU time for both types of learning. (c) and (d) are the average iteration number for both 
types of learning. (e) shows the average CPU time required for each iteration. 

6. Conclusion 

In this paper, an online adaptive message scheduling controller is developed, which 
can not only perform efficiently in message scheduling but also adapt to the time-varying 
natures of the CAN system. The controller makes use of feedback signals from 
execution-time measurements and workload changes to regulate its internal parameters. 
Furthermore, the variations of message waiting time can be kept as uniform and low as 
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possible during system evolution. Simulation results demonstrate that the proposed MSC 
outperforms the existing scheduling methods. It is also noteworthy that the cooperation of 
type I and II learning offers very good resistances to the workload variations. 

There is, nevertheless, another important issue about the selection of an optimal 
number of radial basis functions. Too small the number of RBFs leads to a high bias and 
low variance estimator, whereas too many RBFs yield a low bias but high variance 
estimator. Accordingly, a structure optimization algorithm should provide an optimal 
compromise between variance and bias of the estimation made by the parameter training. 
Our future work should focus on devising an adaptive strategy to modify both the 
structure of the RBF network and its internal parameters in order to achieve the best 
performance for message scheduling. Furthermore, to fulfill real-time applications, we are 
going to integrate the embedded software development flow (i.e. the MSC algorithm) 
into each CAN node, by use of ARM (Advanced RISC Machine) core-based 
microprocessors. Consequently, each node consists of a local message scheduler, which 
implies an underlying priority-driven protocol. The CAN nodes together with powerful 
microprocessor give us fast computation capability for processing message scheduling in 
order to satisfy online real time transmissions. 
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