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Abstract: Intrinsic instabilities in spherically expanding flames often manifest as cellular structures
on the flame surface. In the case of spherically expanding flames, they have been extensively studied
visually using high speed cameras in conjunction with optical diagnostic techniques. While pres-
sure traces of the combustion event are often used to characterize non-intrinsic flame instabilities
(e.g., thermoacoustic), they are significantly less explored with respect to intrinsic instabilities for
spherical flames. This work investigates the potential for the detection of wrinkling of spherically
expanding flames using time series classification (TSC) with pressure traces. The data set contained
386 time series samples (pressure traces) that were labeled based on the associated high-speed im-
ages. The dataset contained flames from mixtures that vary in terms of fuels, working fluids, initial
pressures, and equivalence ratios. A high classification accuracy (> 93%) was obtained with an
ensemble machine learning algorithm for TSC, though a preliminary exploration did not yield any
clear classification features and indicates the need for further exploration.
Keywords: intrinsic instability, spherical flame, time series classification, pressure trace, constant
volume combustion chamber

1. Introduction

Combustion instabilities are physical phenomena that exacerbate small disturbances in a combus-
tion system into larger ones. They are often classified into being intrinsic, chamber, and system
instabilities. Intrinsic instabilities amplify perturbations in the flame front due to the innate prop-
erties of the combustible mixture. They are of interest when the fundamental combustion of a
mixture is studied without reference to a specific combustor or system design. They have been
studied for decades due to their fundamental nature as well as potential effects on other combus-
tion properties [1]. Multiple theoretical models have been devised over the years to explain the
wrinkling of flames due to these intrinsic instabilities [2]. Most commonly, intrinsic instabilities
are either hydrodynamic effects or thermal-diffusive. Their nature and extent depend on several
factors such as thermal expansion, flame thickness, Lewis number, and activation energy [3].

A constant volume combustion chamber (CVCC) is a canonical device used to study funda-
mental combustion behaviors. In its most common configuration, a CVCC is filled with the com-
bustible mixture of interest and ignited at the center using opposed electrodes. This results in the
creation of spherically expanding flames. CVCCs with optical access can be used to record high-
speed images of the flame, often in combination with advanced imaging techniques such schlieren
or shadowgraph imaging. These images show the flame fronts due to density gradients and the
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perturbations in the flame fronts appear as ‘wrinkles’ in the flame front, which may form cells, as
illustrated in Fig. 1. Most studies that employ CVCCs to study instabilities use such high speed
images of the spherical flames for either simple detection or qualitative/quantitative characteriza-
tion of surface features such as cell density or crack length [4]. This provides a direct and intuitive
way of studying intrinsic instabilities. However, this method is limited to systems with optical
access.

This study investigates the use of pressure data from a CVCC captured during spherically
expanding flame experiments to detect intrinsic instabilities. Since wrinkling of the flame front
can affect combustion behavior, it is likely that some artifact (or artifacts) in the pressure traces
would indicate the presence of intrinsic instabilities. Pressure is a more prominent feature in the
prediction and detection of of other types of instabilities, most notably thermoacoustic [5].

(a) (b)

Figure 1: Spherical flame with (a) no wrinkles, illustrating a stable flame front and (b) extensive
wrinkling, showing an intrinsically unstable flame.

2. Methodology

This study’s approach involved the collection and labeling of time series data for CVCC exper-
iments, followed by the use of time series classification (TSC) algorithms for the detection of
instabilities from the pressure-time data. The data used for this study was collected from sev-
eral independent combustion studies over the course of three years with disparate experimental
focuses as presented in previous literature [6–9]. There are 7 different fuel-oxidizer-working fluid
combinations, over different equivalence ratios, fuel fractions, and initial pressures (Table 1). The
mixtures were prepared in an optically accessible CVCC before ignition was initiated at the center.
Details of the CVCC, imaging system, and in-depth discussion of the approach is further detailed
in Ref. [10]. Pressure was recorded for spherically expanding flames at time steps of 1ms, along
with schlieren videos captured using a high-speed camera. Ten pressure traces included in this
study are shown in Figure 2, with further discussion on their interpretation included in Section 3.

2



Sub Topic: Diagnostics

Table 1: Pressure time series dataset and its classes (before data augmentation)

Mixture Total samples Instabilities No instabilities
NH3 – H2 – O2 – N2 122 25 97
H2 – O2 – CO2 59 59 0
CH4 – C2H4 – C2H6 – O2 – N2 9 0 9
CH4 – H2 – NH3 – O2 – N2 28 0 28
CH4 – O2 – N2 31 0 31
CH4 – O2 – Ar 29 5 24
CH4 – O2 – Kr 20 16 4
Total 298 105 193

Figure 2: Illustration of pressure traces from the CVCC. The pressure traces do not provide any
features that allow the naked eye to distinguish between wrinkled and non-wrinkled flames.

Each time series sample was labeled as either having cellular instabilities or no instabilities,
based on a visual inspection of the flame’s expansion in conjunction with an automated image
processing method [6]. As seen in Table 1, there was a class imbalance in the original dataset
with more samples in the ‘no instabilities’ class than the ‘instabilities’ class. To avoid the bias this
could introduce towards the majority class [11], 88 samples from the minority class (instabilities)
were duplicated into the data set. This made the total samples in the data set equal to 386, equally
divided between both classes. The pressure traces were first explored in terms of more direct and
interpretable parameters; the pressure trace, the peak pressures (Pmax), maximum pressure rise rate((dP

dt

)
max

)
, and the dynamic time warping (DTW, a measure of similarity for time series which

accounts for different speeds) score of the pressure traces. After that, an ensemble TSC algorithm,
"HIVE-COTE" v2 (Hierarchical Vote Collective of Transformation-based Ensembles) [12] was
tested, using its implementation in the “aeon" [13] library for time series data, with a train-test
split of 80-20.

3. Results and Discussion

As shown in Figure 2, there is no clear pattern to distinguish between flames with or without in-
stabilities from their pressure traces with the naked eye. Furthermore, Figure 3, shows that neither
Pmax and

(dP
dt

)
max give any clear indications of instabilities. The DTW scores were calculated ‘pair-
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wise’ for all samples. If the DTW can capture the difference between samples well, the distance
between samples of different classes would be higher, whereas that of the same class would be
lower. However, when viewed as a heatmap in Figure 4(a) (higher distances are brighter and lower
distances are darker), this pattern doesn’t emerge. (The repetitive pattern in the instabilities class
is due to data duplication carried out during data augmentation.)

(a) (b)

Figure 3: Distribution of maximum pressure (a) Pmax, and (b)
(dP

dt

)
max for each class, across the

298 samples of the dataset before augmentation.

(a) (b)

Figure 4: (a) Pairwise DTW distance between the samples in the data set. Samples 0-192 had
instabilities, 193-385 did not. (b) Confusion matrix for classification performance of HIVE-COTE
classifier. (Label 0 represents no instabilities, 1 instabilities)

The classification accuracy for HIVE-COTE algorithm was 94.9%. The confusion matrix in
Figure 4(b) for HIVE-COTE shows its classification performance with respect to both classes, with
very few false positives and negatives. As HIVE-COTE uses a weighted ensemble of TSC models,
it could allow it to use patterns detected in multiple different representations within those models.
However, due to the inherent lack of explainability, it is difficult to say with certainty. Consid-
ering the accuracy obtained here, HIVE-COTE could be used potentially for detecting intrinsic
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combustion instabilities in spherical flames with pressure traces from CVCCs. The performance
of the classification algorithm is encouraging and has room to be further explored in terms of more
exhaustive fine tuning, testing of other TSC models, and the use of larger datasets.

4. Conclusions

This study explored the use of a time series classification algorithm for predicting flame wrinkling
in spherically expanding flames in a CVCC from their pressure data, with a reasonably high ac-
curacy of 94.9%. It could be used to detect flame wrinkling in CVCCs that do not have optical
access. This work may be extended in several different directions. The tuning of the classification
algorithms’ parameters could be explored in more detail to improve performance. Further explo-
ration of the data in conjunction with other algorithms would also be important to determine what
features the algorithms are picking out to classify the time series and whether these features could
be generalized to get a better understanding about the direct relation of the pressure in the chamber
with the intrinsic instabilities. Another interesting, but challenging proposition, could be detecting
the extent of flame wrinkling and cellularization from pressure traces.
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