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Abstract: The rotate speed of the electronic-control silicone oil fan directly affects the passing-by noise of the GB 1495
requirement of the load truck in China. Especially, when the silicone oil fan is directly connected to the main shaft of diesel
engine, the noise level is dramatically increases, which makes the spectrum characteristics become complex and difficult to
identify for engineer, resulting in the inaccurate control of the rotate speed of the fan. It is necessary to find a high- efficiency
method to analyze the frequency of the fault. In this paper, the method of non-negative tensor factorization (NTF) is used to
decompose the data for fault analysis. According to the geometric model of NTF, the fixed-point alternating least squares is
selected to calculate the decomposed factors after the data transmitted to a three dimensional tensor of the hyperspectral data.
While all the factors are computed the sparse local bispectrum can be reconstructed with khatri-rao product between the factors,
which also be named basic local feature. Experiments show that the calculation error decreases with the increase of tensor
cardinal dimension, the error is still less than 9%, and the maximum proportion of the value of sparse bispectrum extracted is
only 0.71%, which proves that the analysis method of non-negative tensor factorization for bispectrum extraction is a well
solution.
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1. Introduction
In recent years, the regulation of noise control has further
improved the requirements 83dB of pass-by noise (84dB in
the second stage) to the loading trucks in China [1], which has
aroused the engines and the scholars to focus on researching
the diesel engine control of noise, vibration and harshness
(NVH) [2, 3]. One of the key factors is the part influence. The
silicon oil fan is one of the commonly used parts for cooling
the diesel therein [4-6]. However, when the cooling water
temperature is lower than 85°during the working, the control
clutch in the silicon oil fan still maintains direct-connection
between the fan and the engine shaft for excessive torque
transmission, which leads to loud noise by the silicon oil fan.
Then the high rotate speed of the silicon oil fan makes the
pass-by noise higher than the normal value of 4~5 dB(A),
which seriously block the development cycle of the load truck
in performance [7, 8]. Therefore, the control of the rotate

speed of silicone oil fan is an effective method to ensure the
sound pressure level (SPL) meet the regulations. Take the
noise into consideration, the frequency analysis of the silicon
oil fan needs high sampling frequency that results in data
disaster, which makes it difficult for engineers to identify fan
noise correctly. Especially in the complex statuses coupling
with masking effect [9]. Therefore, it is necessary to find a
method that can not only decompose high-dimensional data
efficiently, but also analyze its features easily.
Nonnegative tensor factorization (NTF) has the advantages
of high efficiency, fast convergence and strong sparse local
features extracted, which has been widely used in blind source
separation, signal processing and fault diagnosis [10-14]. In
order to fast and accurately identify the working
characteristics of silicone oil fan on diesel engine, the noise
signals are need to be acquired at the work state for the
three-dimension tensor reconstruction firstly. Then, the
method of non-negative tensor factorization is used to
decompose the tensor and extract the bispectrum feature.
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Meanwhile, the iterative way of fixed-point alternating least
squares (LMS) is applied to calculate the sub-factors
iteratively, which meets the requirement of computation
accuracy by khatri-rao product among the factors happened in
the three-dimension tensor. Lastly, the local bispectrum is
reconstructed by the sub-factors for the noise analysis. The
sparse feature expressed by the bispectrum is extremely
avoids noise interference or masking effect, which is of great
significance for engineers to accurately analyze the fault types
of silicone oil fans and exactly makes control-strategy.

decomposition through cyclic iteration, whose khatri-rao
product of U，V，W approximates to Y . Since the
divergence of KL takes denominator fitting as the goal, the
difference between the decomposed factors tends to zero,
which results in difficult convergence. So the calculation of
Euclidean distance is taken as the objective function,

2. Tensor Factorization Theory and Its
Geometric Model

and

The structural noise transmission of diesel engine is
complex, which is easy to produce different frequency noises
in a non-stationary condition. Two or more adjacent frequency
noises happen in the same time, the traditional method often
gives priority to the main noise with higher sound pressure
level (SPL) in the whole frequency range. When the other
noise is masked by the higher one, the ignored noise will make
it difficult for engineers to exactly identify the really work
noise. In order to overcome this problem, NTF algorithm is
used to extract the local bispectrum feature for noise analysis.
The main idea of NTF is that all substances exist in a
non-negative form, including noise signal distributed in the
time series. The tensor in the three-dimensional real number
domain is mapped by some low-dimensional data. After
completing the decomposition, the tensor Y ∈ R

J1 × J 2 × J 3

is

composed of its three decomposition factors and errors, that is,
k

Y = U ⊙V ⊙W =

∑u

i

vi wi + E

(1)

DU ( Y || U ,V ,W ) =

i

i

i

Y , respectively, corresponding to the column u , v , w ,
, v ∈V ∈ R

J 2 ×k

, w ∈W ∈ R

(2)

i

F

represents the Frobenius norm. When the value

DU ( i ) goes to zero, it can be approximated to U
U ← vecU (Y ) (W ΘV )

(3)

Where vecU (Y ) represents the tensor Y
directing to U . Similarly,

is unfolded

V ← vecV (Y ) (W ΘU )

(4)

W ← vecW (Y ) (U ΘV )

(5)

Where vecV (Y ) and vecW (Y ) represent the tensor Y
is matrixed direct to V，W , respectively. Calculate factors
with fixed alternating least squares (signed Fixed- ALS) [15],
which is of fixing a matrix by nonnegative constraints, and
other matrixes will iteratively compute the whole sub-factors.
Assume that the optimal result of the calculation of the
derivative is zero, then take this point as extreme value point,
solve to the objective Eq. (3)~(5) lastly. The steps of the
algorithm is shown as in table 1.
Table 1. Calculation steps of NTF.

Where U,V,W is the sub-factors of the decomposed tensor
J1 × k

2
F

Where DU ( i ) represents the Euclidean error U direction,

i =1

u ∈U ∈ R

1
Y − U (V ⊙ W )
2

J 3 ×k

, E ∈R

J1 × J 2 × J 3

is the reconstruction error between Y and U ⊙ V ⊙ W . The
symbol ⊙ represents the khatri-rao product. The symbol
represents the cross product among all the vectors. The whole
geometric model of a tensor factorization is shown in figure 1.

Input: Y , R, N;
Output: Decomposed factors U ,V ,W .
Fixed W , normalized U ,V ;
For Iteration ≤ N; % Set calculation steps

{U ,V }† ←U ,V

%The sign is a non-negative constraint

†

Complete W with with Eq. (3);
Compute U ,V with Eq. (4)~(5);
If (Iteration>N or error ≤ 10e-6) break; End
End

3. Noise Problem of Electronic Control Silicone Oil Fan on Vehicle
Figure 1. Geometric model of tensor decomposition.

In the process of tensor computation, the nonnegative
constraint is added to improve the computation efficiency. It
can avoid dimension disaster when the sub-factors near to zero
pole. NTF calculation process achieve the purpose of data

The electronic control clutch is one of the key parts on
silicone oil fan, whose internal oil hole and the valve position
controls the oil hole by opening or closing. Thus, the
electronic control clutch drives the shaft coupling or
decoupling. And the structure is shown as in figure 2. The
torque is transmitted by the clutch in silicone oil through the
speed sensor feedbacks to the ECU for speed monitoring.
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1. Fan assembly 2. Lock nut 3. Flat washer 4. Silicone oil clutch 5. Drive shaft
Figure 2. Structure diagram of silicone oil fan.

When the electronic-control clutch is in a full-coupled state,
which is equivalent to the fan directly connected to the diesel
shaft. In this case, the noise frequency f of the fan can be
directly calculated according to the rotate speed and gear
transmission ratio,

f =

R
×i× N
60

(6)

Where R is the rotate speed, i is the gear transmission
ratio, N is the number of fan blades. The truck is equipped
with gear transmission ratio 1.27 and a 9-blade silicone oil fan.

In the initial state, the fan is directly connected to the engine.
When the engine speed exceeds 1000rpm, the noise of the oil
fan completely covers the engine noise, which leads to the
pass-by noise out of limits.
In order to analyze the noise peculiarity, a microphones is
placed at one meter outside the door of the truck door, with
one meter height as well. A 12-channel B&K PULSE 3660C
acquisition system and analysis software is used to the noise
signal. The sample frequency is set as 25600 Hz. Data is
collected for 5 times at the stable operation of the fan, each
time lasts 10s. The frequency spectral are shown in figure 3

Figure 3. Noise spectrum at different rotational speeds.

As shown in Figure 3 a, b, the spectrum of the oil fan noise
at 1000rpm and 1500rpm respectively, can be calculated as
190Hz and 290Hz according to Eq. (6). Take test error into

account, the results are 187.5 Hz and 300Hz. However, the
spectrum is not stand out, because the unknown noise with
high SPL has obvious masking effect and brings confusion to
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the engineers. Therefore, the following NTF method is used to
extract bispectrum feature from the oil fan.

with the size 128×128×64.

4. Bispectrum Feature Extraction by
NTF Algorithm

The speed 1000rpm and 1500rpm are respectively selected
for data analysis. Thus, two different tensors are generated by
the white noise, respectively. According to the optimization of
the basic dimension of the tensor, the core tensor is set as 32,
and the error of the iterative objective is 10-6 [16, 17]. Part
feature basis vectors are extracted and shown as in Figure 4.

After data collection, 16384 points are selected at the
sample rate of 2560Hz to generate matrix with the size
128×128 by bispectral transformation. In order to further
verify the robustness of the algorithm, white noise signals of
0.1~6.3 are added to re-construct a three-dimensional tensor

4.1. Bispectrum Feature Extraction

a. Basis vector at 1000RPM

b. Basis vector at 1500RPM
Figure 4. Partial basis vectors extracted by NTF at different rotation speeds.

As shown in Figure 4, bispectrum extracted by NTF at the rotate speed of 1000 RPM and 1500 RPM respectively presents
larger peak, whose sparse features distinct from other peaks. The first sixteen features are computed after all the sub-factors
completed. Then, some local bispectrum by NTF are shown in Figure 5.
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d. Local characteristics of 300Hz at 1500RPM
Figure 5. Partial local features of NTF extracted at different engine speeds.

The bispectrum extracted shown in Figure 5, the main
frequency at 1000RPM is about 180H with the interference
noise 225Hz (The frequency of intake noise), which is
consistent with 187.5Hz and 237.5 Hz at the initial spectrum.
At 1500RPM, the fan spectrum is about 300Hz, and 800Hz
interference noise exists nearby, corresponding to the initial
state as well. Thus, the frequency of the silicon oil fan can be
clearly identified.

4.2. Computation Accuracy and Sparsity
Analysis
When determining the rank R ≤ min{U , V , W } of NTF
tensor basis, both convergence speed and computation
accuracy should be taken into account. Therefore, different
ranks R={12,16,20,24,28,32,36,42,48} are selected for
performance verification, and 300 steps are set as the
calculation target. The convergence is shown in Figure 6.
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Figure 6. Convergence comparison of NTF under different tensor fundamental dimensions.

As shown in Figure 6, the higher rank leads to the higher convergence and accuracy. According to the algorithm of NTF
described above, conjugating with Euclidean distance, the computation error is defined as:

Error =

∑

(U ⊙ V ⊙ W ) − Y

Y

×100%

(7)

F

Where the tensor by khatri-rao product U ⊙ V ⊙ W is also called reconstructed tensor after decomposition. Here the whole
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computing time is expressed as t. After all the calculations are completed, the results are recorded in table 2.
Table 2. Calculation accuracy of NTF under different tensor base dimensions.
NTF
Calculation error %
Iteration time t /s

Rank R
12
8.22
268

16
7.18
343

20
6.36
436

24
6.11
515

Rotate distribution of main eigenvalues

As seen in table 2, the calculation error by NTF is all within
9%. When the input R increases, the computation error
decreases, but the computation time increases. Because the
length of matrix data determines the complexity of
computation, especially zero matrix appears in a large data,
which may enter the calculation cycle of "dimension disaster".
In order to avoid the case of zero matrix, the middle value 32
is considered as the rank of the core tensor, and the main
eigenvalue matrix obtained is shown in Figure 7.

28
5.95
594

32
5.83
678

36
5.75
771

42
5.68
899

48
5.63
1029

b. 1500RPM working condition
Figure 7. Eigenvalue distribution of local features at different speeds.

In Figure 7, the main eigenvalues are 62 at 1000RPM and
116 at 1500RPM, respectively. Compared with the initial
matrix value of 16,384, the ratio of the values number are
0.38% and 0.71%, which indicates little rank participating in
the computation, meaning lower complexity and sparse
bispectrum. Therefore, the bispectrum extracted by NTF has
strong locality for identification.

2

5. Conclusion

4

1) For the identification problem of the silicon oil fan noise,
the NTF method is proposed to decompose a three-dimension
tensor and extract the feature with the form of bispectrum.
2) The bispectrum has stronger sparse for the locality
feature expression, and the maximum number of eigenvalues
accounting for only 0.71%.
3) Different ranks are selected for the comparison of
computation performance. The error of NTF is all within 9%.
When the rank R increase, the error is reduced.
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