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Abstract 

This paper reports on the application of both spatial and temporal independent 

component analysis (sICA and tICA) to luminosity images collected during 

experiments performed on an optically accessible Diesel engine. The two 

approaches decompose the data into independent spatial and temporal components, 

respectively. In both cases two leading independent components (IC) and their 

corresponding coefficients are determined using an optimization algorithm, and 

analyzed. As already reported in earlier works, when two components are extracted 

from a single cycle of a Diesel engine, their clear correlation with different 

combustion modes can be observed. Namely, the combustion of the injected fuel 

along the jets axes, and the subsequent combustion near the bowl walls. On the 

other hand, application of tICA, producing temporal independent signals and 

coefficients in the form of a spatial map, shows strong correlation of the integral 

luminosity with the determined ICs. 

 

1. Introduction 

Optical techniques are the most important non-intrusive investigation tool for the 

combustion chamber in an engine. Particularly, imaging techniques with high 

spatial and temporal resolution are available nowadays. The huge amount of data 

generated and the variety of phenomena observed in the combustion chamber make 

interpretation quite a challenging task. This requires development and application 

of new sophisticated mathematical tools for a more straightforward analysis of the 

experimental data. Among the others, proper orthogonal decomposition (POD) [1], 

which extracts dominant structures from a given ensemble, has been successfully 

applied to velocity and flame luminosity fields obtained from Diesel and SI engines 

by means of particle image velocimetry (PIV) [2] and imaging [3] respectively. 

POD has contributed to the investigation of internal combustion engine physics and 

chemistry, but has its limitations: for example, POD modes cannot separate 

statistically independent structures. Alternative decompositions can be considered, 

in which the components are chosen according to different criteria. Independent 

component analysis (ICA) is potentially very promising [4]. ICA is based on the 

assumption that signals coming from different physical processes are statistically 
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independent. It was originally designed to deal with the cocktail-party problem, i.e. 

separation of speech signals from people talking simultaneously in a room [4]. The 

first results of the application of ICA (particularly, spatial ICA) to luminosity data 

from optically accessible engines are reported in [5,6]. In the case of Diesel engine 

[5] the spatially independent components were identified, related to combustion 

along the fuel jets and near the bowl walls. In the application to a spark ignition 

engine [6] the correspondence of the determined components with the start of 

ignition, middle propagation and end of combustion was clearly outlined. 

Imposing the condition of spatial independence of the components yields the so-

called spatial ICA (sICA); this approach is, in fact, the one that dominates in the 

application of ICA to image analysis, among the others to functional magnetic 

resonance imaging (fMRI) [7]. The alternative is looking for the temporally 

independent time courses using temporal ICA (tICA) [8], nevertheless there is still 

a lack of direct comparison or interpretation of the two approaches. 

In this work we make an attempt to compare components extracted by means of 

sICA and tICA from the images of combustion-related luminosity recorded from 

two optically accessible Diesel engine.   

 

2. Experimental setup 

The experimental setup used for optical measurements consists of a direct injection 

four-stroke common-rail Diesel engine with a single cylinder and a multi-valve 

production head. It features a classic extended piston with a UV–visible grade 

crown window (34 mm diameter) which provides a full view of the combustion 

bowl. Details are found in Table 1. The engine is run using commercial Diesel fuel 

at 1000 rpm, with no exhaust gas recirculation and in continuous mode operation. 

A typical common rail injection strategy of three, i.e. pre, main and post (PMP) 

injections in every cycle was employed during the experiments. The consecutive 

injections started a t –9°, –4° and +11° CA (crank angle) and had durations of 400, 

625 and 340 μs respectively.  

 

Table 1. Engine and injection system specifications. 

 
Engine type 4-stroke single cylinder 

Bore 8.5 cm 

Stroke 9.2 cm 

Swept volume 522 cm
3
 

Combustion bowl 21 cm
3
 

Vol. compression ratio 17.7:1 

Injection system Common Rail 

Injector type Solenoid driven 

Number of holes 6 

Cone angle of fuel jet axis 148° 

Hole diameter 0.145 mm 

Rated flow @ 100bar 40 cm3/30s 
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3. Independent component analysis 

Let us denote by x(t) the random vector whose elements are temporal mixtures 

x1(t),…,xm(t) of mutually independent temporal source signals s1(t),…,sn(t) (s(t) in 

the vector form). If  m=n, then the mixing model can be written as [3]: 

 x = As  (1) 

where A is the so-called mixing matrix. The ICA problem consists of estimating 

both A and s, when only x is observed. Eq. (1) can be recast as: 

 s Wx  (2) 

which can be solved by computing the matrix W=A
-1

 in such a way that a linear 

combination y=Wx is the optimal estimation of the independent source signals s. 

Then, the basic ICA problem can be solved by maximization of the statistical 

independence of the estimates y.   

When applied to a sequence of images recorded in time, first the rows of each 

image recorded at time t are concatenated to create the “image vector” [8]: 

 1( ) ( ( ), ... , ( ), ... ( ))T
i Nx t x t x t x t  (3) 

where xi(t) is the gray-level of the i-th pixel and N is a total number of pixels in the 

image. Then the temporal sequence of image is defined as a vector-valued variable: 

 ( ) ( (1), ... , ( ), ... ( ))Tt x x j x Mx  (4) 

where M denotes the number of snapshots taken in time. Hence, x is a N×M array 

of pixel value, with columns being image vectors and rows a gray-level of one 

pixel over time M (Fig. 1a). 

Then, the method can be implemented in two manners, depending on whether one 

 

Figure 1. Vector-matrix representation of the mixing process for tICA and sICA (from [8]). 
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wants to seek independent spatial patterns or independent time series, and this 

choice influences the orientation of the data matrix. Particularly, by treating the 

rows of x as mixtures, the temporal independent source signals and corresponding 

unconstrained vector images can be extracted; in such case we deal with temporal 

ICA (tICA, Fig. 1a). By 'unconstrained' we mean that no independency condition is 

imposed on the spatial dimension. On the other hand, when the transpose of the 

data matrix is considered in Eq. (1), and so each row of x
T
 corresponds to an image 

mixture, the method called spatial ICA (sICA) delivers a set of independent source 

images with corresponding unconstrained temporal signals (Fig. 1b). 

Depending on the definition of statistical independence, the most popular methods 

are either based on the minimization of mutual information or on maximization of 

non-gaussianity [9]. In this work a FastICA algorithm [9] is employed which 

maximizes kurtosis – one of the measures of statistical independence – by means of 

a gradient method. The algorithm used for the solution of both problems, i.e. tICA 

and sICA, is essentially the same, however tICA is typically more computationally 

demanding than sICA, due to the higher spatial compared to temporal resolution.  

 

4. Results and discussion 

A typical sequence of images of combustion luminosity for the multiple injections 

collected during a single cycle is presented in Figure 2. Specifically, images 

recorded in the range from –4° to 30.5° CA, where all phenomena of interest take 

place, are presented. The sampling interval is 0.5° CA, resulting in 24 image 

frames per cycle. The effect of the preinjection starting at –9° CA can be observed 

in the form of light spots around the nozzle, which become visible at –2.5° CA. 

Successively, from 2° to 5° CA, combustion is present on all jets and in the vicinity 

of the chamber wall. Consumption of the fuel along the jet axes results in the 

movement of combustion towards the bowl wall, where the impinged fuel burns. 

Figure 3 reports in-cylinder pressure, drive ignition current and rate of heat release 

 

 
Figure 2. Sequence of crank-angle resolved images from Diesel engine. 
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Figure 3. In-cylinder pressure (P), drive injector current (DIC), and rate of heat release 

(ROHR). 

 

for the analyzed cycle and considered range of CA, collected during the 

experiments along with the optical data. From the ROHR curve (Fig. 3), the start of 

combustion (SOC) of the various injections in the combustion chamber 

corresponds to those crank angles where the ROHR becomes positive or changes 

its slope, i.e. –4°, 1°, and 14° CA, respectively. 

Figure 4 reports the results obtained both from sICA and tICA, applied to the 

collected crank-angle resolved sequences of the luminosity images, separately for 

each cycle. As already concluded in the previous works [5,6] where spatial ICA 

was employed, when two spatially ICs are extracted from the single cycle of Diesel 

engine they correspond to two different combustion modes, namely, the 

combustion of the fuel along jets axes and the swirl motion of the burning jets (Fig. 

4c) followed by combustion in the vicinity of the bowl walls (Fig. 4d). The 

corresponding time dependent coefficient are presented in Figure 4a together The 

corresponding time dependent  coefficient are  presented in Figure 4a  together 

 

 
Figure 4. Independent components and corresponding coefficients from sICA and tICA. 
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with the integral luminosity of the flame. It can be observed that the peaks of the 

luminosity correspond to those of the first coefficient a1. However, the correlation 

of time courses is even stronger (a correlation coefficient as high as 0.9964 vs. 

0.9115 for sICA) when we look at the first temporal independent signal (Fig. 4b) 

determined by means of tICA.  

 

5. Conclusions 

This work represents a comparison of the results of the application of sICA and 

tICA to luminosity image data collected in optically accessible Diesel engine. In 

both approaches two independent components were sought and found. The two 

components of sICA are clearly related to early combustion along the fuel jets and 

later combustion near the bowl walls, respectively.  

This analysis is fast and reliable in case of sICA (a single computation takes less 

than 0.1 s on a standard sequential single processor) but gets more expensive  – 

approximately 50 s – when tICA is employed. 
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