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Abstract: In this paper, a novel identification framework is proposed to capture a class of
nonlinear dynamic relationships that link several input signals (and their past values) to a single
output. The class of relationships is the one in which the single output to be identified may
be any monotonic nonlinear function of a linear regressor that may be built up with the input
signals and their past values. This obviously recalls the known Wiener identification structure
with differences that are underlined in the paper. The whole framework is validated using the
difficult problem of deriving real data-based dynamic model of emissions (including NOx and
opacity) of a diesel engine. The nice feature of the proposed approach lies in the fact that the
underlying optimization problem to be solved is a constrained Quadratic Programming (QP)
problem and this, despite the nonlinear character of the identified relationship.
Keywords: Nonlinear Identification, Diesel Engine, Emissions Model, Unstructured
Identification, Quadratic Programming.
1. INTRODUCTION
One of the key problems in diesel engine operation is the
control of the level of emissions in order to keep it lower
than the environmental-related bounds. The intuitive way
to do this would be to invoke optimal or predictive control
in which the fulfilment of emission constraints is used as
a constraint or as a weighted term in the related cost
function formulation. Unfortunately, this is currently made
difficult because of the lack of faithful dynamic model
that links the emissions levels to some regulated variables
(those for which expressions are known that link them to
the manipulated variables in a static or dynamic way).
Because of this lack of such dynamic models, current approaches use intermediate variables on which references are
given that are thought to induce rather low levels of emissions [Jacobs et al., 2003, Van-Nieuwstadt et al., 2000].
A typical framework that is commonly used is to control
the Manifold Air Pressure (MAP) and the Mass Air Flow
(MAF) by manipulating the Exhaust Gas Recirculation
(EGR) valve and the Variable Geometry Turbocharger
(VGT) valve [Murilo et al., 2011, Wang et al., 2011].
This approach is quite unsatisfactory since the presumed
correlations between the reference trajectories on the MAP
and the MAF output from one side and the emission level
on the other side are only valid on a rather restricted
operational domains that especially concern steady state

regimes.
In the present paper, it is shown that by using appropriate
nonlinear identification scheme, a quite faithful model can
be obtained for diesel engine emission on both NOx and
opacity. Such a model can be very useful to perform a
direct on-line optimization of the engine emission by means
of model predictive control. The experimental data used to
obtain the nonlinear identified model and then to validate
the extrapolation capacities of the so obtained identified
model are obtained thanks to the BMW diesel engine test
bed that is available at the Johannes Kepler university 1
Linz. This test bed is equipped with dedicated sensors that
would be unavailable on a commercial car but that are used
here for identification and research purposes.
The paper is organized as follows: First, the available data
and the identification problem are clearly defined in section
2. Section 3 describes the identification procedure that is
used to derive the nonlinear model for the engine emission
in a general setting. Finally, in section 4, the application
of the proposed framework to the experimental data of the
test bed are shown in order to assess the efficiency of the
proposed method in identifying faithful models that link
the NOx emission and the opacity to the past values of the
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(1) An under sampling integer m ∈ N
(2) A buffer length N and
(3) Three nonlinear functions Fj , j = 1, . . . , 3
such that the following approximations hold:
yj (k) ≈ ŷj (k) := Fj (E(k, m, N ))

(3)
♦

for j = 1, 2, 3.

Fig. 1. Example of the definition of the data used in the
regressor E(k, m, N ) defined by (2) for N = 6 and
m=5
on-board available measurements. Section 5 concludes the
paper and gives hints for future work.
2. PROBLEM STATEMENT
The experimental data used in the forthcoming development are obtained using a real-world Diesel engine at
Johannes Kepler University Linz. The test bed consists in
a BMW M47TUE Diesel engine controlled by the Engine
Control Unit (ECU) from Bosch and an AVL dynamometer to simulate the load on the engine shaft.
Specific representative scenarios have been performed and
the signals of ten sensors that are available on a commercial car are gathered and saved for further studies.
This is done using a sampling period of τs = 10 ms. The
corresponding data are denoted hereafter as follows:
n
on=10
Ei (k)
,

k = 1...M

(1)

i=1

The experimental data that are available for both the
learning and the validation phases contains M = 137160
samples from each sensor corresponding to an acquisition
scenario of approximatively 23 minutes.
Note that the acquisition period τs may be too small for
identification purposes and the use of an under samplingbased regressor may be relevant, namely (see Figure 1):
E(k, m, N ) :=
(E1 (k), E1 (k − m) . . . , E1 (k − (N − 1)m), . . . ,

The following section gives a general framework to solve
this identification problem.
3. DESCRIPTION OF THE IDENTIFICATION
FRAMEWORK
As a matter of fact and in accordance with classical identification schemes, the parameters m and N are searched for
by trials and errors based on the a posteriori examination
of the results. However, for each set of candidate values of
these parameters, the question is to find the corresponding
best nonlinear function Fj (·) that fits the learning experimental data set.
So let us assume that j, N , m are fixed and let us use
the following compact notation:
ȳ(k) ↔ yj (k)

;

Z(k) := E(k, m, N )

(4)

the task is then to find a nonlinear map F : RnN → R
such that the approximated relation:
ȳ(k) ≈ F (Z(k))

;

k∈K

(5)

holds with a good precision over the learning data set
K. Obviously, this can not be obtained for any choice of
the parameters m and N . These parameters have to be
optimized in an outer loop until a satisfactory results are
obtained. The necessarily reduced set of nonlinear maps F
that is used in the proposed framework takes the following
form:
F (Z) = Γ−1 (LT Z)

;

Γ(·) strictly increasing

(6)

−1

The existence of Γ
is guaranteed by the strict monotonicity of Γ. Note that combining (5) and (6) enables
the problem to be re-formulated as the one of finding
L ∈ RnN and a monotonic function Γ such that the
following approximation holds:

En (k), En (k − m) . . . , En (k − (N − 1)m))T ∈ RN n (2)
Beside these commercially available sensors, the test bed
is equipped with three emission related sensors delivering
the following signals:
• y1 : measurement of the NOx emission using a fast but
not very accurate sensor.
• y2 : measurement of the same NOx emission using a
rather slow but quite accurate sensor.
• y3 : measurement of the opacity

Γ(ȳ(k)) ≈ LT Z(k)

(7)

The general form of the l.h.s of (7) that is used here is the
one given by:
h  ȳ − ȳ
i

min
Γ(ȳ) := B
· µ =: B(η(ȳ))] · µ
ȳmax − ȳmin
nb
h
i
X
=
µj B (j) (η(ȳ))

(8)
(9)

l=1

The problem of emission model identification can therefore
be stated as follows:

where ȳmin and ȳmax are the minimum and maximum
values of ȳ over the learning set data while B(η) is a
function basis that is hereafter defined according to:

Definition 1. (Problem Statement).
Use a part of the experimental data (1) in order to find:

onm
n
onb
n o n
onm −1 n
(i)
(i)
B (j)
:= 1 ∪ B1
∪ B2
j=1

i=1

i=1

(10)

(17) to obtain the optimal parameters Lopt and µopt . The
set of integer K ⊂ {1, . . . , M } invoked in (14) denotes the
set of instants k used in the learning set.
The resulting identification structure obviously recalls the
Wiener structure as it consists in using nonlinear map that
applies to a linear combination of the regression vector.
The major differences lie in the multi-variable character of
the regressor, the use of the strictly increasing nonlinear
maps that enables the problem to be put into a standard
QP form. Finally , the adoption of the generic function
basis avoid the need for a nonlinearity choice that is often
a quite intriguing in the nonlinear identification procedure.
Fig. 2. Graphs of the functions B (i) defined by (11) and
(12) used in (9) . β = 0.6 is used in the definition of
αi ’s according to (13)
where the number of functions in the set nb is given by:
nb = 2nm
(i)

and where the functions B1
follows:
(i)

(i)

and B2

B1 (η) := (1 + αi )

η
1 + αi η

η
1 + αi − αi η
in which the coefficient αi is given by:
(i)

B2 (η) :=

are defined as
(11)
(12)

αi := exp(β(1 − i)) − 1
(13)
The graphs of these functions are given in Figure 2 for the
choice β = 0.6 which is used to produce the identification
results.
Now by combining (7)-(8), it comes that L and µ are the
parameters of the solution that one can find by solving the
following least squares problem:
X
kB(η(k))µ − Z T (k)Lk2
(14)
min
L,µ

k∈K

under the following constraints:
(1) Γ is strictly increasing, namely:
h dB i
∀η ∈ [0, 1],
(η) µ ≥ ε
(15)
dη
for some a priori chosen  > 0.
(2) The following integral (normalization) constraint has
to be satisfied:
hZ 1
i
i
1h
B(η)dη · µ = ȳmin + ȳmax
(16)
2
0
The two sets of constraints (15) and (16) are clearly affine
in the decision variable µ and by considering a sequence
of values:
0 = η1 < η2 ≤ · · · < ηq = 1
these constraints can be replaced by the following matrix
inequalities:




Aineq µ ≤ Bineq ;
Aeq µ = Beq
(17)
To summarize, the quadratic function (14) in the decision
variables L and µ is minimized under the linear constraints

Note finally that there is no loss in generality in taking
Γ strictly increasing since it suffices to take L of opposite
sign to make (7) valid for a strictly decreasing map.
4. IDENTIFICATION RESULTS
In this section, the application of the identification framework on the emission data is shown. In order to avoid
redundancy, as far as the NOx emission is concerned, only
the data corresponding to the second sensor y2 is used.
The results obtained with y1 have been equally successful.
For the Opacity model, the data from sensor y3 are used.
4.1 Learning and validation data sets
The learning data set is defined through the set of instants
K that is given by:
n
o
M −1
K := 1, 1 + m, . . . , 1 + int(
)×m
(18)
m
⊂ {1, . . . , M } =: V
(19)
while the validation set is taken equal to the entire set
of sampling instants indices V over the complete scenario.
As it is shown in the next section, the construction of the
regression vector is done with an under-sampling integer
that has been found equal to m = 100 (corresponding to
an undersampling of 1 second, this means that (Figure 3):
The learning set is ≈ 100 times smaller than the
validating set.
A schematic representation of the learning and validating
set are given in Figure 3.
4.2 Solution’s parameters
Using the QP problem associated to each candidate choice
of the parameters m and N , the best solutions L and
µ can be computed. The quality of the solution can be
appreciated in the plan


ȳ, F (Z)
Indeed, according to the very definition of the identification problem given by (5), the more the cloud defined by
n
o
ȳ(k), F (Z(k))
k∈K

lies close to the identity line, the better is the approximation. Using visually this characteristic with different

Fig. 3. Schematic definition of the learning set defined by
the instants index k ∈ K and the validating data
defined by the sampling induces k ∈ V. Note that
when m = 5, the ratio between card(V) and card(K)
is equal to m − 1.
choices of the parameters m and N , the following set of
values has been found that gives rather good results:
m = 100

;

nb = 6

;

and N = 5

(20)

The values of m and N means in particular that at each
instant k, the oldest measurements that are used to determine the emission properties at k have been measured 5
seconds earlier. (Recall that the basic sampling periods is
τs = 0.01 seconds).
The corresponding clouds are depicted on the left side
of Figure 4 for the identification of the NOx (upper-left)
and the Opacity (lower-left). The right sub-plots show the
gradients, namely [ dB
dη (η)]µ, of the nonlinear maps that are
used for these two output respectively. Note the positivity
of these curves that guarantee the strict monotonicity of
the map Γ.
These plots clearly show the need for the nonlinear character of the proposed identification scheme in order to
capture the relationships between the measured quantities
and the emission related properties that are the NOx level
and the Opacity. Note also that the clouds shown in Figure
4 concern only the instants contained in the learning
data (≈ 13716 spots) while the validation set contains
roughly 100 times this number as mentioned above. The
next section shows the validation results by comparing the
validation measured values of the NOx emission and the
opacity with the values obtained based on the nonlinear
model described in this section.
4.3 Validation Results
The validation data is used in this section in order to assess
the quality of the nonlinear identified function obtained
so far. The results are shown on Figures 5 and 6 where

Fig. 4. Identification results: (a)-Left phase portrait in the
plane (ȳ, F (Z)) of the learning spots for the NOx
related identification. (a)-Right: The gradient of the
nonlinear map for the NOx-related identification. (b)Left phase portrait in the plane (ȳ, F (Z)) of the
learning spots for the Opacity related identification.
(b)-Right: The gradient of the nonlinear map for the
Opacity-related identification.
the prediction of the NOx emission level and the opacity
are shown (in red) respectively and compared to the measured values (in black). These curves show relatively nice
matching suggesting that the nonlinear identified model
may be efficiently used in a direct optimal (predictive)
control scheme.
As far as emission is concerned, it may be argued that the
quality of the model may be more appropriately checked
by comparing moving horizon means. The horizon may
be the one that would be used as a prediction horizon in
a predictive control scheme. Such comparisons are given
on Figures 7 and 8 respectively for the NOx level and
the opacity. A 10 seconds large moving averaging time
window has been used as this can be targeted as a model
predictive control horizon that might be sufficiently large
to be relevant in minimizing emission and sufficiently short
for the underlying real-time computation to be tractable.
5. CONCLUSION AND FUTURE WORK
In this paper, a novel nonlinear identification framework
is proposed which is based on simple QP formulation. The
later is obtained by restricting the search to multivariable
Wiener-like structure in which the output is assumed to be
a nonlinear strictly increasing function of a linear regressor
involving the current and past values of the inputs. The
framework has been applied to the problem of identifying a
nonlinear dynamic relationship between the sensor output
that are available on a commercial car and the emission
data (NOx level and opacity).
The natural continuation of the present work involves two
directions: The first concerns the use of different buffer

Fig. 5. Validation results for the NOx emission. Each sub-plot represents the evolution during a part of the validation
scenario. The evolution in red are given by the identified nonlinear model while the black curves show the evolution
of the measured NOx level.

Fig. 6. Validation results for the opacity. Each sub-plot represents the evolution during a part of the validation scenario.
The evolution in red are given by the identified nonlinear model while the black curves show the evolution of the
measured opacity

Fig. 7. Evolution of the mean value of the NOx over
a moving window lasting 10 seconds. The measured
values are given in black while the red curves show the
evolution of the predicted values using the identified
nonlinear model.
lengths N for the different sensors while a uniform length
is used in the current version. On the other hand, the
current solution uses a priori all the n available sensors
(n = 10). It would be interesting to look for a minimal
set of sensors that corresponds to a pre-defined matching
indicator threshold. The second direction is the use of the
resulting identified nonlinear model in the definition of
the cost function of a Model Predictive Control approach
in order to directly solve the problem of minimizing the
emission level. It is obvious however that the nonlinear
nature of the model makes particularily appealing NMPC
approach that use the system model as well as the cost
function as simple black boxes through structure-free realtime optimization schemes. Such a framework has precisely
been proposed in [Murilo et al., 2011] and can therefore be
easily investigated.
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Fig. 8. Evolution of the mean value of the opacity over
a moving window lasting 10 seconds. The measured
values are given in black while the red curves show the
evolution of the predicted values using the identified
nonlinear model.

