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a b s t r a c t

An important step in model-based fault detection is residual evaluation, where residuals
are evaluated with the aim to detect changes in their behavior caused by faults. To handle
residuals subject to time-varying uncertainties and disturbances, which indeed are
present in practice, a novel statistical residual evaluation approach is presented.
The main contribution is to base the residual evaluation on an explicit comparison of
the probability distribution of the residual, estimated online using current data, with a
no-fault residual distribution. The no-fault distribution is based on a set of a priori known
no-fault residual distributions, and is continuously adapted to the current situation. As a
second contribution, a method is proposed for estimating the required set of no-fault
residual distributions off-line from no-fault training data. The proposed residual evalua-
tion approach is evaluated with measurement data on a residual for fault detection in the
gas-flow system of a Scania truck diesel engine. Results show that small faults can be
reliably detected with the proposed approach in cases where regular methods fail.

& 2013 Elsevier Ltd. All rights reserved.

1. Introduction

Fault diagnosis is becoming more and more important with the increasing demand for dependable technical systems,
driven mostly by economical, environmental, and safety incentives. One example is automotive systems, where good fault
diagnosis is essential in order to meet customer demands regarding up-time, efficient repair and maintenance, and also to
fulfill on-board diagnosis (OBD) legislative regulations.

Model-based fault diagnosis typically comprises fault detection and isolation [13], and the fault detection part contains
the essential steps: residual generation and residual evaluation. In the first step, a model of the system is used together with
measurements to generate residuals. In the second step, the residuals are evaluated with the aim to detect changes in the
residual behavior caused by faults in the system. This work concerns the second step, residual evaluation.

Ideally, residuals are signals that are zero when no faults are present in the system, and non-zero otherwise. Due to the
presence of uncertainties and disturbances, caused by for instance modeling errors, measurement noise, and unmodeled
phenomena, residuals typically however deviate from zero even in the no-fault case. Moreover, due to changes in the
operating mode of the system, the magnitude of these uncertainties and disturbances is time-varying, causing the behavior
of residuals to be non-stationary. An illustration is given by Fig. 1, where a residual for fault detection in the gas-flow system
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of a truck diesel engine is shown. Clearly, the residual is not zero in the no-fault case, and it is obvious that the residual
exhibits non-stationary features. It can also be noted that the difference between the residual in the no-fault and fault cases
is time-varying. Nevertheless, the fact that there is a difference implies that the present fault is potentially detectable. Note
also that the residual does not exhibit any periodic time-variations.

There are two main approaches [22] for residual evaluation, statistical [60,27,7,50,3,14,59,30,48] and norm-based
[23,25,26,53,18,62,63,33,4,36,1]. Statistical approaches exploit the framework of statistical hypothesis testing in order to
detect changes in some parameter of the probability distribution of the residual, typically by means of likelihood ratio
testing [28]. In norm-based approaches, residual evaluation is typically done by adaptive or constant thresholding of some
norm of the residual.

Apparently, when encountering a residual as the one depicted in Fig. 1, neither statistical-based approaches assuming
stationary probability distributions, nor norm-based approaches using constant thresholds, would be successful. A potential
solution is to consider adaptive thresholds [19,24], and use a priori knowledge, either qualitative [33,62,31,23] or
quantitative [53,25,47], to derive non-constant thresholds to take the time-varying uncertainties and disturbances into
account. Furthermore since the residual depicted in Fig. 1 is non-periodic, diagnosis approaches for machines working in
non-stationary operating conditions [16,52,43,51] are not applicable.

This paper instead proposes an adaptive statistical residual evaluation method, which exploits quantitative a priori
knowledge in the form of data.

The main contribution is to base the residual evaluation on an explicit comparison of the probability distribution of the
residual, estimated on-line using current data, with a no-fault residual distribution. The no-fault distribution is based on a
set of a priori known no-fault distributions and to handle changes in the operating mode of the system, and thus time-
varying residual features, it is continuously adapted to the current operating mode of the system. The comparison is done in
the framework of statistical hypothesis testing by application of the Generalized Likelihood Ratio (GLR). As a second
contribution, a method is proposed for estimating the required set of no-fault residual distributions off-line from no-fault
training data. Thus, using the method for distribution estimation, the overall residual evaluation method becomes fully data-
driven and neither assumptions regarding the properties of the probability distribution of the residual, nor the properties of
the faults to be detected, are made.

The paper is organized as follows. Section 2 discusses and formalizes the problem setup and the residual evaluation
problem is formulated in the framework of statistical hypothesis testing. In Section 3, the GLR is utilized to design a
preliminary test statistic for the residual evaluation hypotheses, and the emerging likelihood maximization problems are
considered. In Section 4, the preliminary test statistic is improved in terms of required computational effort, and a residual
evaluation algorithm suitable for implementation in an online environment is given. Section 5 presents an off-line algorithm
for learning no-fault residual distributions from no-fault training data. In Section 6 the proposed residual evaluation
approach is applied to a residual for fault detection in the gas-flow system of a real Scania truck diesel engine. Finally,
Section 7 concludes the paper.

2. Problem formulation

The residual evaluation problem, as considered in this work, is formally stated in this section.

2.1. Prerequisites

A residual, r, is considered to be the output from a residual generator, taking measurements from a system as input.
Typically, the measurements consist of the input and output of the system. The system is considered to be subject to faults,
and the intention is to detect if any fault is present in the system by monitoring the behavior of the residual. Note that if a
set of residuals sensitive to different faults is used, faults can also be isolated, see for example [13].

The system typically operates in a number of different operating modes, and normal operation usually involves several of
these modes. For an example, consider a heavy-duty truck diesel engine, for which a residual is shown in Fig. 1. Naturally,
this system is designed to operate in a number of different operating modes typically characterized by engine torque, engine
speed, ambient temperature, ambient pressure, etc.

Fig. 1. A residual for fault detection in the gas-flow system of a heavy-duty truck diesel engine in the no-fault (solid) and fault (dashed) cases.
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