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ABSTRACT:

The combustion of aluminum particles is a key
factor for rocket motor propulsion in terms of
performance and stability. Numerical simulations
is a tool enabling complex instabilities study, but
input data for the two-phase models in use have
an important influence on simulation results. An
experimental method is used at ONERA to
characterize aluminum particles at the surface of
burning propellants based on shadowgraphy. A
new detection method based on “Maximally
Stable Extremal Regions” is evaluated in the
present study on a test case (one propellant
composition seeded with inert particles). The
method shows good detection performances and
more robustness compared to the previous
detection method. Detection results were used to
improve particles size evaluation and aggregation
fraction estimation. A correction of apparent size
for unfocused particles is investigated; a shape
factor was used to classify particles and
aggregates. The results are promising for future
applications and should assist developments of
accurate two-phase simulations.

Solid propulsion is commonly used for space and
military applications with propellants including
components such as ammonium perchlorate (AP),
hydroxyl-terminated polybutadiene (HTPB), and
micrometer sized aluminum particles are usually
seeded in proportions up to 20 wt.-%. Although
aluminum powder improves ballistic
performances, it has also an impact on
rocket-engine stability [1, 2 and 3]. This occurs in
part because aluminum droplets are not
completely consumed as the flow drives them
away from the surface. In order to estimate
instabilities and pressure oscillations in rocket
motor, two-phase flow simulation is required to
account for the effects of aluminum droplets.

Therefore, aluminum particles have been the
subject of many studies to develop appropriate
combustion models. On the one hand, models
focused on isolated droplet to determine their
evaporation and combustion rates [4, 5, 6 and 7].
On the other hand several experimental set-ups
have been developed to obtain accurate
experimental values that can be used as inputs for
two-phase flow simulations. Experimental studies
have been focused on two objects classes: single
particles leaving the surface (i) and agglomerates

(ii):
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(i) Single particles studies aim at estimating
particle size and velocity which are used in
two-phase flow simulations as injection conditions
for the condensed phase. The parameters have a
direct impact on the flow and consequently on
instabilities in rocket motors. Moreover, the
knowledge of particle size, not only when injected
but also at each step of their combustion, provides
recommendations on aluminum-droplet
combustion models in agreement  with
experimental measurements. Two ways have
been investigated for experimental measurements
of aluminum droplet and alumina particles. First,
particles can be captured during combustion or at
the exit of test chambers with mechanical set-ups
[8]. Particle size is the only parameter that can be
determined this way. Second, particles can be
visualized during combustion with an optical
system [9, 10 and 11]. In this case, both size and
velocity can be studied.

(i) Two-phase flow losses in solid propulsion
depend on size distribution of the condensed
phase. During solid propellant combustion, single
aluminium  particles melt and can form
agglomerates. Agglomerates increase the fraction
number of large objects, hence increases
two-phase flow losses. Because of the difficulty to
evaluate agglomeration fractions and size of
agglomerates with a full theoretical model for
agglomeration, others approaches are reported in
the literature involving geometrical analysis and
correlations from experimental data [12, 13 and
14]. Experimental set-ups have also been
developed to obtain measurements  of
agglomeration fraction and agglomerate size [15
and 16].

In order to improve the experimental
characterization of both aluminium particles and
agglomerates, a focusing shadowgraphy set-up
has been in use at ONERA to enable particle
visualization at high repetition rate (from 1 to
10 kHz) above the surface of burning propellant
samples. Figure 1 shows an example of image
obtained with the ONERA set-up for an
aluminized propellant. The propellant surface
corresponds to the black region at the bottom of
the image. Aluminum particles leave the
propellant and move up driven by the

combustion-gas flow. Particle detection on the
image is hindered by smokes that disturb the
homogeneity of the background image. The
existing detection method at ONERA consisted of
filters and segmentation with manual intensity
thresholds. This approach has been used in
previous works [9, 10 and 11] and provided
particle granulometry and a limited number of
velocity profiles. However, it relied on several
human interventions: about half a dozen
parameters were adjusted manually to improve
the detection process, and a set of a dozen
morphological properties needed to be tuned
before validating the detected objects. Thus this
method could not be used smoothing to obtain a
large set of data, required for the statistical
estimation of particles characteristics.

In the present study, we propose a new image
processing method in order to automatically
detect and characterize aluminum particles in
burning propellant atmospheres with a more
efficient and robust way, reducing the number of
input parameters. In this preliminary work, we aim
at evaluating the proposed method on test cases,
with a representative propellant atmosphere but
seeded with inert particles.

Figure 1. Shadowgraphy image near the burning
surface of an aluminized propellant.

2. MATERIALS AND METHODS

The validation of the image analysis method is
performed on experimental images for a
propellant seeded with inert particles (glass-type
particles) of calibrated size (6 wt. %) instead of
aluminum particles. Thus the visualization is not
disturbed by aluminum smokes and particles size
is not impacted by combustion during the



experiment. Moreover, the size distribution of inert
particles was evaluated with laser-diffraction
analyzer before their inclusion in the propellant
and will be used as a reference granulometry
data. Examples of experimental images are
presented in Figure 2 for the two pressures used
for combustion tests (1 MPa and 3 MPa). The
pressure levels correspond to the initial pressure
in the combustion chamber, filled with pure
nitrogen before propellant ignition. Figure 2 a) at
1 MPa shows images without visible smokes and
with clearly-contrasted particles driven by the flow.
On Figure 2 b) at 3 MPa, aggregates of single
inert particles are driven by the flow in addition to
single particles. The pressure increase leads to
steeper optical index gradients and visible
background heterogeneities.

2.1. Particle detection

To detect the inert particles leaving the propellant
surface, we used the Maximally Stable Extremal
Regions (MSER) method introduced in [17].
MSER detection has been proposed in the context
of feature matching between images in computer
vision. The principle of MSER is illustrated in
Figure 3 on an experimental image of the studied
propellant.

The basic operation in MSER is to binarize the
image according to various threshold levels. As
shown in Figure 3, this operation is repeated for
increasing values of the threshold. The main idea
of MSER is then to retain the regions whose
shape is stable (i.e. the size variation of the region
does not exceed an input parameter, denoted

a) Initial Pressure: 1 MPa

MaxVariation) over a range of threshold values
(the “stability parameter” denoted A). Therefore,
MSER enables detections of small and large
objects with opposite contrast and variable shape,
which is useful in our case to detect complex
aggregates as well as single particles.

A low-pass filter is employed to reduce acquisition
noise and the associated spurious detection of
small regions with area around 6 px. One minor
consequence of such image filtering is to increase
the size of MSER regions. The number of
parameters of the detection process has been
drastically reduced which permits to propose a
more principled way of tuning them.

2.2. Evaluation of detection performance

To evaluate the performance of the MSER
detector and guide the tuning of parameters,
results from automated detections of regions
(particles) were compared with a ground truth
established by manually spotting the real particles
on a set of images. Such comparisons lead to
three possibilities: True Positive (TP) or detection
of a true patrticle; False Positive (FP) or erroneous
detection of a “ghost” particle and False Negative
(FN), which means that a true particle is missed
by the algorithm. Because it is necessary to both
detect and localize all particles in the image, the
problem is not binary (contrary to a pure detection
problem). This is a well-known issue in image
processing, and two useful performance indexes
have been introduced:

b) Initial Pressure: 3 MPa

Figure 2. Shadowgraphy images of the burning surface of a propellant seeded with inert particles at 1 MPa
(a) and 3 MPa (b).



e Recall characterizes the completeness of
the detection: Recall = 1 means no real
particle has been missed.

Recall = L (1)
TP+ FN

e Precision characterizes the relevance of
detection: Precision = 1 means that there
is no ghost particle in the detected set.

.. TP
Precision = —— 2
TP+ FP

Usually, the detection depends on some tuning
parameter, which is tuned according to a
Precision vs. Recall curve. This is the approach
that was adopted here with the parameter A for
the MSER detector, see Section 3.1.
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In order to prevent multiple detections of the same
particle in consecutive images, the detection is
performed in a horizontal region above the
propellant surface. The height of this region must
be large enough to detect all particles, and narrow
enough to prevent multiple detections. The size of
the detection zone is computed in the worst case,
i.e. when particles are the slowest (at 1 MPa and
close to the propellant surface). Previous works
conducted at ONERA [9] have estimated the
velocity of particles close to the surface at 0.5 m/s
for the same propellant composition. The probing
height was then evaluated considering the camera
repetition rate (3 kHz).

2.3. Size evaluation

To estimate the diameter of detected particles, we
use the area of the detected MSER regions
(Awser) and determine the Equivalent-Area
Circle’s diameter (Deac) based on the equivalent
circular area [18], given by Eq. 3:
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Figure 3. Principle of MSER: the experimental image (a) is binarized according to increasing threshold
values. Regions that are stable for a large range of thresholds are retained (results in (i)).
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This approach makes sizing of non-spherical
particles (aggregates) possible, as shown in
Figure 4.
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Figure 4. Particle-size evaluation. Picture (a)
shows the MSER result for a particle, and picture
(b) shows the MSER result for an aggregate.
Pictures (c) and (d) show red circles of Dgac for
(a) and (b) respectively, overlaying the initial
shadowgraphy image.

It is important to underline the likely overvaluation
of Awser, because images of the particles are
generally out of focus in shadowgraphy. More
precisely, the further a particle is from the focus
plane, the more spread its shadowgraphy image
is. Deconvolution of defocused particles is widely
studied in the literature [19 and 20], however this
approach can be limited by noise amplification. A
correction of the apparent diameter for
out-of-focus particles was established in [21] and
its main principles were used in the present study.
The method consists in creating a theoretical
imaging model based on the irradiance
distribution of the object and the Point Spread
Function of the imaging system. This model is
used to determinate the relationship between
in-focus radius and the measured apparent radius

of the object according to experimental image
parameters, e.g. the relative detection threshold
and a normalized contrast (contrast between the
object and the background). Determination of the
normalized contrast and the detection threshold
for each particle leads to the corrected diameter
via interpolation plots obtained from the imaging
model.

The relevance of the full imaging model from [21]
was not checked for the present experimental
shadowgraphy set-up, so the correction accuracy
is probably perfectible. Nevertheless, the
correction interpolations from the publication were
used to obtain a rough estimate of the expected
diameter correction for the MSER detection, by
calculating their normalized contrast and detection
threshold.

2.4. Aggregation evaluation

As stated earlier, predicting particle agglomeration
remains an ongoing task for propellant studies,
and shadowgraphy images might provide
interesting data on this aspect. In the case of
aluminized-propellant combustion, agglomerations
phenomena are the consequence of assembled
droplets that melt to create an agglomerate (i.e. a
single droplet with a size bigger than initial
droplets). In the present study, particles are inert
and do not melt to create agglomerates but they
might form aggregates. In order to classify
particles and aggregates, a score has been
computed for each MSER. Following [22], we rely
on shape factors to classify the objects. The
chosen shape factor quantifies the roundness of
an object. The circularity given by Eq. 4 compares
the area of MSER to its perimeter P. Circularity is
bounded by 0 for a perfect line and 1 for a perfect
circle.

A7A;,
P—Sly (4)

Circularity =
P is the polygon length defined on the boundaries
pixels of the detected MSER region. The area of
this polygon (Apgy) is smaller than Ayser but more
representative of the exact included area.



3. RESULTS

3.1

MaxVariation and A are the two main parameters
of MSER detection, and they are obviously
coupled. As shadowgraphy images are not only
blurred, but show a variable blur level depending
on the position of the particle, it is difficult to tune
the MaxVariation. Hence we choose a fixed value
(MaxVariation = 1) for this parameter and perform
the parametric study on A. This study relies on
Precision vs. Recall curves. The chosen value of
MaxVariation enables to detect regions with
maximum diameter variation equal to 40 % over
the range of A values.

Detection performance

Figure 5 represents the Precision-Recall curves
for propellant seeded with inert particles for the
two combustion pressures: 1 MPa (red solid line)
and 3 MPa (blue dash line). The MSER detection
method was compared to manual detection for
200 images (corresponding to around 500
particles). Figure 5 displays the values of A next to
each data point. Choosing A amounts to selecting
the best trade-off between Precision and Recall,
i.e. a point as close as 100 % for both Recall and
Precision. Thus, we have chosen A = 8 at 1 MPa
and A = 4 at 3 MPa in the sequel. One can note
that the test at 3 MPa has a lower Precision for all
tested A values in comparison with the test at
1 MPa. Indeed, higher pressure increases the
density gradient between smokes and flow and,
as a consequence, the contrast of smokes
increases and degrades the detection. To
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conclude, the chosen MSER parameters
(MaxVariation and A) lead to at least 90 % for the
Recall and 80 % for the Precision.

As a comparison, Precision and Recall values
were calculated for existing detection data
obtained with the previous existing processing
method, over a wide range of combustion
conditions (aluminum-seeded propellants with
various size distribution, various test
pressures...). The cautious adjustment of the
numerous input parameters lead to Precision over
80%, but Recall could range from 30% to 90%
(visible on Figure 5 as square symbols). The
proposed method should provide more stable
performances than previously with a much more
automated tuning process (A was the single input
parameter adjusted for MSER).

3.2. Size evaluation

As stated earlier, inert particles were
characterized with a laser-diffraction analyzer
before preparing the propellant material. The
resulting distribution of size was used as a
reference for particle-size evaluation from the
experimental images. The detection method has
been used on 1000 images per test (e.g. around
2000 particles detected per test) to obtain the
Deac distribution. Figure 6 shows the comparison
between the reference size distributions using
laser-diffraction analyzer (black dashed line) and
image analysis at 1 MPa (red plot) and 3 MPa
(blue plot).
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Figure 5. Precision-Recall graph: Evaluation of A (close up on the right-hand side). Comparison with values
using the previous image-processing method (square symbols).



A shift is visible between peaks for the reference
distribution and the estimated one. This shift can
be explained by overvaluation of the area
estimated from MSER regions due to out-of-focus
particles. Additional detections are visible for
diameters around 10 ym for both image-analysis
curves. They seem to be caused by an image
noise that is not removed by the mean filter.
Designing an image processing to reduce the
number of such spurious detections on
experimental images is the subject of future
works. Peaks for diameter 80 um seem to
correspond to aggregates because such particle
size is not present in the initial lognormal
distribution  provided by the reference
granulometry. Moreover, the larger aggregate
proportion at 1 MPa compared to 3 MPa is
consistent with the expected behaviour for
propellant combustion [13].

Probability density function in number of
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Figure 6. Particle size distribution measured with

image analysis at 1 MPa and 3 MPa, as well as

reference distribution for the initial inert particles.

As mentioned in Section 2.3, a correction of the
apparent diameter has been computed for each
particle at 1 MPa and 3 MPa in order to account
for focus conditions, based on the method from
[21].

Figure 7 displays size distributions for the
reference granulometry (black dashed line), for
Deac before diameter correction (red and blue
dashed lines) and after correction (red and blue
solid lines, labeled Dcor). For 1 MPa data and
diameter below 70 uym, the diameter correction
appears efficient and lead to a very good fit of the
distribution estimated from the images and the

reference ones. In contrast, the distributions of
particle diameters below 70 ym at 3 MPa are not
significantly impacted by the correction. This
might be due to the different imaging conditions at
3 MPa and limits of the imaging model from [21]
for such conditions. Finally, let us note that for
both conditions the correction method leads to an
increase of the estimated diameter of particles
which diameters are over 70 ym up to 120 ym.
Actually, this diameter range is likely to
correspond to aggregates and the correction is
not valid for non-spherical objects. To conclude,
precise  diameter  estimation  will need
improvements in the future via a complete study
of the shadowgraphy set-up.
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Figure 7. Particles size distribution after correction
of out of focus effect [21].

3.3. Aggregation

A simple approach to evaluate the aggregation
fraction could be to use the maximum diameter
from the reference distribution as a ceiling value
(any larger object cannot be considered as a
single particle). Unfortunately this method does
not discriminate aggregation of small particles
leading to aggregates smaller than the diameter
chosen as threshold. As explained before, the
circularity parameter was used to discriminate
round particles from aggregates. Figure 8 shows a
2D histogram of the diameter and circularity of
detected particles for each tested pressure.
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Figure 8. 2D histograms of circularity and diameter of the detected particles at 1 MPa (a) and 3 MPa (b) .

There is an important concentration of detections
for circularities equal to 0.8 and a decrease of
detections for circularity below 0.7. The circularity
0.7 appears as a relevant value to separate single
particles from aggregates. As an illustration, some
examples of detected objects are shown for
various circularity values in Figure 9.
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(E) Particle (d) Aggregage

Figure 9. Objects detected with MSER and the
associated circularity.

Additionally, the biggest diameter for the
reference distribution is used as a ceiling value for
diameter (70 ym). Larger detected objects are
considered aggregates over the full circularity
range. The single-particle regions correspond to

the lower-right corner on the histograms of Figure
8. Very large aggregates can be formed of a large
number of particles that can be seen as a dense,
almost round pack on the image, as illustrated in
the lower right image of Figure 9. Circularity alone
would not be efficient in such cases.

With those criteria, a rough estimation of
aggregation fraction was computed: around
50 wt.-% for the test at 1 MPa and around
60 wt.-% at 3 MPa. These estimates seem
overvalued compared to visual checking on the
images. Moreover, an indicative comparison was
performed with the aluminum agglomeration
correlations summarized in [12]. The correlations
were used to get a rough estimate of
agglomeration fraction for the same propellant
seeded with aluminum particles instead of inert
particles (e.g. with the same AP granulometry).
Obviously, such correlations depend on material
properties for the analysed particles, such as
melting levels, which makes it impossible to
expect accurate results with the present inert
particles. Still, they provide an indication to
critically analyse our approach. The Beckstead
correlation gives an agglomeration fraction around
17 wt.-% and the Cohen correlation evaluate
aluminum agglomeration around 33 wt.-%. Both
values are significantly lower than the fractions
which were estimated here.

A deeper analysis can explain this difference. It
seems likely that the calculated volume is
overestimated for aggregates because it assumes
a spherical geometry for the objects, whereas



aggregates can be planar arrays of particles since
inert particles do not melt. To estimate the volume
under a planar assumption the mean diameter of
a single particle was used to evaluate the number
of particles that could be included in the apparent
area of aggregates. This corresponds to a lower
value of the estimated volume since aggregates
are wusually non exactly planar. The two
assumptions are represented schematically on
Figure 10.

e

S
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Figure 10. Volume estimation for aggregates with
a spherical or planar assumtion.

Figure 11 displays agglomeration fraction for
Cohen correlation (black solid line), Beckstead
correlation (black dashed line), aggregation
fraction computed under the spherical geometry
assumption for aggregates (denoted Fspnere) and
aggregation fraction under the planar assumption
(denoted Fpian). In the case of Fpoan, the
estimated volume obviously depends on the
assumed size of the particles, which follows the
distribution identified in Section 3.2. We retain the
mean value and standard deviation of this
distribution to draw the error bars on the
aggregation fraction Fp sy represented in Figure
11. Fpan  estimation provides a reasonable
estimate for aggregation fraction.

These results show that, with a more systematic
and accurate estimation of aggregation volumes,
shadowgraphy image analysis for inert-particle
propellants could be an interesting way to validate
aluminum agglomeration models.
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Figure 11. Estimation of aggregation fraction for
the two assumption on aggregate’s geometry.
Agglomeration fractions from published
correlations [12] are also displayed.

4, CONCLUSION & DISCUSSION

The purpose of this paper was to propose an
automated method for particles detection and size
evaluation in solid propellant flames up to 3 MPa.
Validation was conducted on a test-case
propellant seeded with inert particles.

The detection method is based on MSER. It leads
to 90 % for the Recall and 80 % for the Precision.
Recall is better and more stable compared to the
previous analysis method, whose Recall values
could range from 40% to 90% depending on the
test conditions. Comparison between reference
size distribution (from laser-diffraction analyzer)
and size distribution evaluated on detected
particles was performed. Defocus blur leads to
overestimation and a diameter correction was
tested. Result of the diameter correction depends
of the test conditions and size of detected regions.
The method appears promising, but should be
improved via a complete characterization of the
shadowgraphy set-up.

We have also presented a preliminary approach
to evaluate aggregation fraction by classification
of detected objects between single particles and
aggegates. The rough estimate of the aggregation
fraction is  consistent  with aluminium-
agglomeration  correlations  calculated  for
propellants with the same AP granulometry.
Advanced techniques of object classification seem



to be an interesting line of research to improve the
determination of the aggregation fraction. This
should enable accurate comparison to model
prediction for real combustion conditions.

Future work concerns the tracking of detected
particles on sequences of images. Tracking and
monitoring particle’s shape within the sequence
will give access to particles velocity, ignition
height and variations of the aluminium-particle
diameter at several heights and provide valuable
data for model development.

More generally, exchanges between models and
experimental data analysis are in our opinion of
major interest to improve rocket-flow predictions.
Before full-scale simulation, performing
simulations for combustion chamber used for
shadowgraphy measurements will be an
appropriate intermediate step. In this line, we
intend to conduct two-phase flow simulations with
the same propellant composition used in
experimental analysis.
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