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Abstract Speed sensorless control of ac machines at zero speed so 
far is only possible using signal injection methods. Especially 
when applied to induction machines the spatial saturation leads 
to a dependence of the resulting control signals on the flux/load 
level. Usually this dependence has to be identified on a special 
test stand during a commissioning procedure for each type of 
induction machine. In this paper an autonomous commissioning 
method based on a neural network approach is proposed that 
does neither depend on a speed sensor present as a reference nor 
on a load dynamometer coupled to the machine and guaranteeing 
constant speed. The training data for the neural network is 
obtained using only acceleration and deceleration measurements 
of the uncoupled machine. The reliability of the proposed 
autonomous commissioning method is proven by measurement 
results. When comparing the resulting sensorless control 
performance, the proposed commissioning method reaches the 
same level of performance as a manual identification using load 
dynamometer as well as speed sensor. 
 

I. INTRODUCTION 

Modern high dynamic ac drives are equipped with a 
mechanical shaft sensor in order to estimate the flux position, 
which is required for field oriented or direct torque control. 
Using fundamental wave models with accurate sensors for 
voltage and current, the speed sensorless operation of 
induction machines is possible down to around slip frequency, 
corresponding to mechanical standstill. However, at zero 
frequency, the speed sensorless operation is only possible 
using signal injection methods.  

By injecting a high frequency or transient signal in addition 
to the fundamental wave, saliencies caused by spatial 
saturation, slotting, and anisotropy can be extracted and 
exploited to directly estimate the flux/rotor position. The so 
called signal injection methods usually inject a voltage 
excitation and measure the current reaction of the machine. 
The injected signal may be either high frequency harmonic 
(pulsating or rotating) [1]-[4] or transient (voltage pulses) [5]-
[7]. The transient excitation (INFORM method) [5] is used in 
this paper as sensorless control method. The results however, 
are applicable to all types of signal injection. The signal 
obtained from the current response is composed of effects 
such as inverter and sensor non-linearity as well as the 
modulations caused by all asymmetries present in the machine 

that influence the phase leakage parameters. The most 
prominent of the inherent asymmetries of standard induction 
machines is that of spatial saturation due to the main flux, 
followed by the slotting effect and that of rotor anisotropy. 
Currently, the main problem in the application of speed 
sensorless control is not the excitation or measurement to 
obtain the mentioned control signal, but the superposition of 
all side effects within this signal. 

Especially the saturation saliency shows a strong 
dependence on the flux magnitude as well as the load level of 
the machine. In addition to the modulations of the three main 
inherent saliencies, there also exist additional modulations 
caused by interference of these main effects. This whole 
interaction and the load/flux dependence of the overall signal 
denotes the magnetic fingerprint of a machine and depends on 
parameters like lamination shape, lamination material, 
winding scheme and slot numbers. 

In order to realize satisfactory performance it is therefore 
necessary to identify this individual behavior for each type of 
machine during a commissioning phase. In the literature there 
are already different methods proposed to establish this 
identification. These are usually based on filtering [3], 
function approximation or correction tables [9], spatial 
filtering [10], the so called space modulation profiling [1], or 
using a neural network based approach [11],[12]. 

Up to now the commissioning has always been performed 
using a load dynamometer coupled to the machine and usually 
also a speed sensor mounted to the shaft as a reference. Thus 
the identification of the machine’s magnetic fingerprint is 
always a time consuming procedure requiring an expert to be 
performed. In this paper a new identification method is 
proposed that is able to perform this task autonomously using 
only the machine’s moment of inertia. Based on a neural 
network approach the algorithm does neither rely on a speed/ 
position sensor being present as a reference, nor on a load 
dynamometer guaranteeing steady state operation during the 
commissioning. Using only acceleration/deceleration data of 
the drive, a reliable and accurate detection of the machine 
specific behavior is performed as will be proven by 
measurements. 
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II. SENSORLESS CONTROL – MAGNETIC FINGERPRINT  

The transient excitation needed for zero speed sensorless 
control is realized in this paper as a specific voltage pulse 
sequence applied during inactive operating states of the 
current control. Measuring the corresponding current step 
response of the machine and applying the evaluation algorithm 
[5], [11] leads to a resulting signal that contains all the 
saliency information of the machine. The sampling rate of the 
saliency information obtained is 1.25 kHz. As was already 
investigated and reported by different authors, the magnitude 
and orientation of the saliencies exhibit a strong dependence 
on the magnetic point of operation of specific lamination areas 
(teeth/tips). For speed sensorless control this dependence has 
thus to be compensated. Currently it is only possible to 
roughly predict this dependence by simulations based on the 
design parameters of the machine. This simulation however, is 
not accurate enough to establish the necessary compensation 
which raises the need for extensive measurements on a test 
stand to exactly identify the magnetic fingerprint. 

The strongest dependence on the point of operation can be 
detected on machines with closed rotor slots. Consequently 
this type of machine has the highest requirements for an 
accurate identification and compensation with respect to speed 
sensorless control. Such a closed slot machine has thus been 
chosen in this investigation to test the performance of the 
commissioning. To show the mentioned dependence, 
measurements have been performed and the results are 
depicted in Fig. 1 for the two main signal components. 

 
Fig. 1: Load level dependence of the main saturation 

induced signal components (+2nd blue, -4th red);  
(locus; internal representation of DSP). 

 
In Fig. 1 the load dependence of the dominant saturation 

induced components are depicted. The +2nd harmonic is the 
main harmonic associated with main flux saturation. As 
shown in the figure there is a very distinct “movement” 
(magnitude and angle) of this harmonic observable when the 
load is changed. In addition, the higher order harmonic (-4th) 
of the saturation saliency changes its orientation leading to a 
distortion of the resulting signal. Considering only the 

dependence on the flux level (not shown in the figure), the 
dominant harmonic is again the +2nd and the biggest 
distortion is now the –2nd. These have to also be considered 
during commissioning. It has to be stressed that the locus 
depicted in the figure is only valid for the specific machine 
identified (closed slot design – which is considered the most 
difficult for sensorless control) and may look totally different 
for machines with other design parameters. 

The identification of the main signal components and the 
removal of the distortion components are key parameters for 
the speed sensorless control performance. Therefore, the 
proposed neural network approach offers several advantages 
compared to the time consuming manual tuning using load 
dynamometer and a speed sensor as a reference. 

III. PROPOSED COMMISSIONING STRUCTURE 

The core of the identification process in this paper is a multi 
layer perceptron (MLP) neural network. Figure 2 illustrates 
the schematic diagram of the MLP [13]. In its simplest form, a 
MLP neural network consists of three layers: an input layer, a 
hidden layer and the output layer. The numbers of neurons in 
the three layers are denoted by m, n and r respectively. It has 
been shown in the literature that a three layer MLP is capable 
of implementing any arbitrary logic function or forming an 
arbitrarily close approximation to any nonlinear decision 
boundary or any continuous nonlinear mapping. However, for 
certain problems the number of nodes in the MLP can be 
drastically reduced by using two hidden layers rather than one 
[14].  

Each neuron in the hidden layer has a nonlinear activation 
function Φ associated with it. This function should be 
bounded, continuous, monotonically increasing and 
differentiable. Various activation functions have been used in 
the literature, namely sigmoid, hyperbolic tangent or Gaussian. 
 

 
Fig. 2: Schematic diagram of a MLP neural network. 

 
The m inputs to each neuron in the hidden layer are 

weighted with the input weight parameters W, summed, and 
then passed through the activation function Φ. The output of 
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the neuron, often referred to as the decision vector d, 
determines whether that specific neuron will fire or hold for a 
certain set of inputs. The output of the jth neuron in the hidden 
layer is therefore given by (1):  
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The final output of the kth neuron in the output layer of the 
neural network is then determined from the weighted 
summation of the outputs of all the individual neurons in the 
hidden layer, as in (2): 

)()()(ˆ
1

tdtvty
n

j
jkjk ∑

=

×= .  (2) 

The input weight matrix W and the output weight matrix V 
can therefore be viewed as the memory cells of the neural 
network. The training process of the MLP consists of updating 
these parameters. The most common scheme for training a 
MLP is backpropagation (BP) algorithm, which has been used 
through this paper. The basic idea in BP is to form an error 
function E from the difference between the actual output Y and 
the estimated output of the neural network Ŷ: 
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The weight parameters are then updated in the negative 
direction of the error gradient: 

)()()1( tEtWtW ∇×−=+ η .  (4) 
Similar equation is applied to the output weight matrix V. 

For detailed information regarding BP the reader is referred to 
[13]. 

Even though the number of hidden layers in MLP can be 
theoretically increased, it is quite often considered to have a 
single hidden layer. This is to reduce the complexity and the 
computational effort. Also, for most engineering applications, 
a single hidden layer seems to be sufficient. 

The structure of the MLP identifier used in this paper is 
illustrated in Fig. 3. It consists of a single hidden layer and a 
single neuron in the output layer. The number of neurons in 
the hidden layer is heuristically chosen to be 25.  
 

 
 

Fig. 3: Input/output structure of the MLP proposed for commissioning. 

Increasing the number of neurons in the hidden layer leads 
to better approximation of the load dependence, however at 
the same time both the learning performance as well as the 
execution time of the network is increased. The number of 25 
was found to be a good compromise for the specific machine. 

The hyperbolic tangent function is used as the activation 
function of the hidden layer.  
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The input of the neural network is a m×1 vector X(t) that 
contains a bias or threshold value (b), which is considered to 
be 1, plus a number of additional input signals, that contain 
information on the function to be identified. 

The neural network in turn generates an output signal that, 
after the completion of the training period, is equal to the 
correction angle. This angle has to be added to the original 
sensorless control signal obtained from the transient current 
response in order to eliminate the load dependence and other 
disturbing effects. 

The equation for the output of the neural network is given 
by (6): 
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Compared to directly using the flux angle as output signal, 
this new configuration has the advantage that there is no need 
for the network to generate a step every revolution when the 
angle jumps from –π to + π (or from 2 π to zero). 

A. Neural network inputs 
The correct selection of the network inputs is one key 

parameter in the design process to obtain good resulting 
control performance and at the same time keeping the number 
of necessary mathematical operations low for real time 
calculation. 

The key parameter to the function to be identified is the 
torque of the machine which is represented by the two stator 
current components in the flux fixed reference frame (ix, iy). 
As the machine is usually operated with constant rotor flux in 
the fundamental speed range, it is sufficient to consider only 
the torque producing current component (iy) as input. 

The signal to be corrected is the estimated flux angle. In 
order to be able to also capture disturbance components 
caused by higher harmonic components of the distribution of 
the transient leakage along the circumference, this signal is 
also used as a network input. To avoid the angular steps (2π) 
every revolution, it is preferred to use the real and imaginary 
component (infRE, infIM) instead.  

Basically these three input values should capture the main 
effects responsible for the angle deviation. However, when 
realizing such a network structure and looking at the 
performance of the resulting signal, a considerable deviation is 
detectable as shown in Fig. 4. 

For Fig. 4 the ANN used only the three input signals infRE, 
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infIM and iy. The network was trained using a sensor based 
model as well as load dynamometer. After the training period 
the machine was operated at a load torque of 0,8 p.u. . In the 
upper diagram of Fig. 4 the time traces of the network output 
(solid, denoted estimated output) as well as the reference value 
(dashed, denoted reference output) are shown. All values are 
scaled in 2π rad. It is clearly visible that the modulation 
associated with the fundamental wave is correctly tracked by 
the ANN together with the mean angle deviation associated 
with the load level. 

 
Fig. 4: ANN-Output using infRE, infIM  and iy as input signals. Upper: ANN-
Output (2πrad; solid), reference value of correction angle (2πrad; dashed). 

Lower: zoomed angle deviation (2πrad).(rated flux, 0,8 load p.u.) 

In the lower diagram of Fig. 4 the difference between 
network output and reference value is given and it clearly 
shows that the network is not able to track additional 
modulations not directly correlated to the inputs. 

An analysis of this remaining error reveals that this 
modulation is linked to the angular stator fixed position of the 
stator current (iα, iβ). 

The reason for this disturbing modulation can be found in 
deviations of the fundamental wave point of operation due to 
inverter interlock dead time as well as in the non ideal transfer 
characteristic of the current sensors during zero crossings [8]. 
Therefore, a modulation is seen in the deviation signal as a 6th 
harmonic with respect to the stator fixed reference frame.  

To improve the performance of the compensation it is thus 
necessary to include the two stator fixed current components 
as network inputs. This structure has been realized and trained 
as before using a sensor based model as well as load 
dynamometer. 

The corresponding results are given in Fig. 5 where with a 
load torque of 0.8 p.u the network inputs were as before (Fig. 
4) with iα, iβ added to also track the stator fixed deviations. 

The upper diagram in Fig. 5 gives a comparison between 
the network output (solid) and the reference value that was 
used for the training period (dashed) scaled in 2π rad. Due to a 
better approximation the two traces are now almost identical. 

In the lower diagram only the difference between the 
network output and reference value is given to zoom the 
remaining disturbance. Comparing the lower diagram with 
that of Fig. 4 it is obvious that the inclusion of the stator fixed 

values as inputs clearly improves the performance of the 
disturbance compensation iα, iβ. 

 
Fig. 5: ANN-Output using infRE, infIM  and iy as well as as iα, iβ as input signals. 
Upper: ANN-Output (2πrad; solid), reference value of correction angle (2πrad; 

dashed). Lower: zoomed angle deviation (2πrad). 

The estimated output of the network now contains no more 
correlated components. 

It has however, to be stressed that the mentioned stator 
fixed effects are significant only because the induction 
machine used for this investigation has closed rotor slots. 
Using a rotor with semi-closed or open slots, the performance 
difference between the two input structures would be much 
smaller. 

The network finally used consists of the following input 
structure: 
● a bias or threshold value (b), which is considered to be 1,  
● the real and imaginary parts of the stator current (iα, iβ) in 

the stator fixed reference frame,  
● the torque producing current component (iy),  
● the real and imaginary parts of the sensorless control signal 

obtained from the current step response (infRE, infIM).  
After setting up the network structure the training procedure 

has to be defined to work without a speed sensor as well load 
dynamometer. 

B. Omitting the speed sensor 
The training stage of the network is performed using the 

backpropagation algorithm. During this training 
(commissioning) a reference value of the rotor flux angle is 
needed. As no speed/position sensor can be used, a 
fundamental wave machine model is applied instead. It 
consists of a modified version of the well known voltage 
model based on the stator equation of the machine that has 
some additional feedback loops to reduce the drift of the 
integrator during low speed operation.  

A simplified block diagram of this proposed modified flux 
model is depicted in Fig. 6 which consists of three main parts.  

The dominant one is the block named Stator Equation that 
contains the well known voltage model based on the stator 
equation. The flux calculation is performed using a pure 
integrator and not a low pass filter. Inputs to this sensorless 
structure are the voltage and current space phasors, and the 
output is the estimated flux space phasor. 
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Fig. 6: Structure of the sensorless fundamental wave flux model. 

The two remaining blocks, denoted Magnitude Feedback 
and Offset Estimation, are used to establish a stabilizing 
feedback to the integration during low speed operation. 

For the flux magnitude comparison the rated flux value (1.0 
p.u.) is used as the machine is operated with constant flux at 
low speed.  

After correctly identifying the machine parameters with an 
adaptation algorithm not shown in Fig. 6, the structure 
guarantees stable operation down to a few percent of rated 
speed.  

As sensorless operation cannot be achieved using the 
fundamental wave model only, the commissioning has to be 
done at higher frequencies where the modified voltage model 
delivers a reliable estimate of the actual rotor flux position that 
can be used as a reference value.  

There is, however, also an upper frequency limit, that 
should not be exceeded during the training of the network. It is 
determined by two effects: 
• One is the modulation index of the PWM scheme that 

impedes the placing of the necessary test voltage sequence 
when approaching over modulation, and the other is the  

• field weakening range that has to be avoided in order to 
ensure constant main flux level during the training phase. 

The inclusion of the flux level dependence would not bring 
an advantage for the speed sensorless control, but only 
drastically increase the complexity of the network itself as 
well as for the training and the compensation afterwards. 

C. Omitting the load dynamometer 
The main operating parameter for the identification is thus 

the machine torque (torque producing current component, see 
also Fig. 3). If a load dynamometer was coupled to the test 
machine then the commissioning would be done at a constant 
and well defined frequency and all data obtained could be 
directly applied to the training algorithm. 

However, as the goal is to perform the training without a 
load dynamometer, the speed of the drive is not going to be 
constant. As a consequence the machine speed will thus 
change depending on the load current as well as the moment 

of inertia. 
The training data are thus obtained by repeatedly 

accelerating and decelerating the machine between two 
frequency limits. The lower limit is determined by the 
accuracy of the fundamental wave model and the upper limit 
by the modulation index of the PWM.  

The training procedure is depicted in Fig. 7. The upper 
diagram of the figure gives the machine speed during that 
phase. The machine is repeatedly accelerated and decelerated 
between the two frequency limits which have been chosen as 
0.15 p.u. and 0.3 p.u. to ensure enough distance from the 
actual limits. 

The lower diagram gives the time trace of the reference 
(black) and actual (gray) value of the load current. After each 
acceleration/deceleration cycle the load current is increased 
stepwise.  

 
Fig. 7: Training of the proposed structure. Upper: speed (p.u.); 

Lower: actual (gray) and reference (black) load current. 

However, this commissioning during transient speed 
operation however implies an accurate knowledge of the 
corresponding speed during the transient changes. 

The saliencies present in the machine do not depend on the 
machine frequency. However, as the pulse sequence, current 
sampling, as well as the evaluation algorithm need some time 
to be performed, the whole sampling/signal processing 
introduces a dead time that leads to a frequency dependent 
angle delay. To compensate for this delay an accurate 
estimation of the current frequency with zero delay is 
necessary.  

This is achieved by combining prediction and interpolation 
methods which can be applied as the machine is only loaded 
by the constant moment of inertia. The reference values for 
the prediction/interpolation of the frequency are determined 
during the short periods of no load condition. Thus a set of 
training data is obtained. 

Two additional effects have to be taken into account before 
feeding the data to the training algorithm:  
• Due to the constant frequency limits the time needed for 

each acceleration cycle decreases with increasing torque. 
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Assuming constant sample frequency of the pulse injection 
method, this would lead to a reduction of the number of 
reference values with increasing torque level. As a 
consequence the accuracy of the network at lower torque 
levels would be increased and at the same time that at 
higher torque levels reduced. To avoid this effect it has to 
be assured that the overall number of samples taken for 
each load level does not change significantly. 

• To also ensure an equal distribution of all sampled values 
over the full angular range (+/-π) it is necessary to perform 
some post processing of the samples by segmenting as well 
as by always using an integer number of revolutions. 

After applying the above considerations, the training is 
done using the well known backpropagation algorithm. 

IV. MEASUREMENT RESULTS 

After the autonomous training stage, measurements were 
performed under speed sensorless operation using the signal 
obtained from the transient current response combined with 
the sensorless fundamental wave model used during the 
commissioning phase (Fig. 6). 

The resulting performance can be seen in the following 
figures. The machine used for the tests has closed rotor slots 
which results in a heavy load dependence and needs a very 
accurate compensation. 

In Fig. 8 the machine was operated at 0.8 p.u. rated torque, 
with a speed controlled load dynamometer coupled to it. The 
upper diagram in the figure gives the time trace of the flux 
angle obtained from the transient current response, corrected 
by the output of the neural network, and filtered by the 
fundamental wave model. At the left side of the figure the 
mechanical speed was chosen to zero. In the center of the 
figure the operation was changed to zero flux frequency and 
on the right side of the figure again zero mechanical speed is 
shown. The proposed commissioning is therefore able to 
autonomously “learn” the heavy load dependence of the 
closed rotor slot machine.  

 
Fig. 8: Low/zero speed performance of proposed compensation at  

0,8 p.u. rated torque. Upper: flux angle sensorless (2πrad), Lower: angle 
deviation (2πrad). 

The lower diagram of Fig. 8 depicts the angle deviation 
between the sensorless estimated flux angle and the flux angle 
calculated by a sensor based model as a reference.  

In this zoomed representation it can be seen that the angle 
deviation during the zero speed as well as the zero frequency 
operation, is extremely low. 

The performance during a torque step response is depicted 
in Fig. 9. There a torque step is forced into the sensorless 
controlled test machine while it is driven on a test stand by a 
speed controlled load machine. The mechanical speed is 
almost standstill when the step for the torque demand is made 
from 0.45 p.u. to 0.8 p.u. 

In the upper diagram of Fig. 9 the solid trace represents the 
time trace of the flux angle obtained from the transient current 
response, corrected by the output of the neural network, and 
filtered by the fundamental wave model. The dashed trace 
gives the reference flux angle calculated with a sensor based 
model as a reference. The middle part of Fig. 9 shows the load 
current/torque steps up and down. In the lower diagram of this 
figure the angle deviation is shown.  

 
Fig. 9: Measurement results of sensorless controlled operation around 

mechanical standstill - step of the load torque from 0,45p.u. to 0.8p.u. rated 
load current/torque. Upper: flux angle sensorless (solid), sensor based 

(dashed). Middle: load current/torque step. Lower: angle deviation (2πrad) 

The transient increase of the angle deviation after the load 
step is applied is mainly caused by an incorrect dynamic 
estimation of the stator frequency. This however, does not 
deteriorate the performance of the commissioning procedure 
proposed in this investigation. 

V. CONCLUSIONS  

A structure for self commissioning of speed sensorless 
control has been proposed. It is able to work without shaft 
sensor as a reference as well as without a load dynamometer 
coupled. The proposed structure is based on a multilayer 
perceptron, a modified voltage model, as well as a high 
dynamic frequency determination. It is able to obtain the 
needed training samples from acceleration/deceleration 
measurement. After commissioning, sensorless operation on a 
closed rotor slot induction machine was proven possible at 
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high torque levels at low as well as zero speed/frequency. 
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