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Semantic image segmentation using a convolutional neural network was applied to image
data of hybrid rocket combustion tests to accurately compute the fuel regression rate over
time. Combustion tests with different paraffin-based fuels have been performed at the German
Aerospace Center (DLR) and have been captured with a high-speed video camera leading to
large image datasets. The main task to allow for the further experimental evaluation with an
optical approach is to create binary masks of the solid fuel. For this purpose, a neural network
model to segment 120,000 images is presented and is justified by a thorough analysis. This
analysis includes the generalization capabilities of the neural network to new image data and an
analysis of the model uncertainty. As a result, time-dependent regression rates are computed
for the combustion tests over a sequence of different spatial positions. This allows for a detailed
time-dependent and spatial comparison of the different experimental configurations and gives
valuable insights into phenomena that appear during combustion.

I. Introduction
Hybrid rockets are a promising but complex propulsion technology. First, they allow for a cost reduction like solid

rocket engines due to the less complex and therefore cheaper design. Second, similar to liquid rocket engines they allow
for controllable thrust, including shut off and restart capability. Furthermore, since the propellants are stored in two
different states of matter, hybrid rockets are also safer than solid rockets.

However, hybrid systems that use conventional polymeric fuels often achieve relatively low regression rate
performance which results in a low thrust level. One viable solution are liquefying hybrid rocket fuels, for instance,
on a paraffin-basis that are considered in the following. For a better understanding of the combustion mechanics of
hybrid rocket solid fuels and their relation to the regression rate, optical investigations on the combustion behavior
of paraffin-based fuels burning with gaseous oxygen have been performed in a hybrid rocket slab burner. Using a
high-speed camera to visualize the combustion process, it is possible to capture the essential flow phenomena. Using
this large image dataset, relevant secondary quantities of interest such as a time dependent regression rate can be derived.
In the following, we focus on an optical regression rate measurement for the combustion tests performed at the German
Aerospace Center (DLR).

The typical approach to obtain an averaged regression rate of a fuel grain of known geometry is to determine the
mass of the grain before and after the combustion test and divide this by the combustion time. However, for a more
detailed analysis of the regression rate, there are several viable options to obtain time- and space-dependent quantities,
for instance, methods based on x-ray radiography as discussed in [1]. Thanks to the capabilities given by the optical
access of the slab burner, we employ an optical approach as it delivers accurate geometric information of the solid
fuel over the observation time, as long as the flow can be accurately separated from the fuel, and it delivers a high
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temporal resolution (due to a high-speed camera). The main task using an optical approach is to separate the flow field
and the image background from the solid fuel. For this purpose, a so-called U-net, basically a convolutional neural
network architecture, is used for semantic image segmentation, i.e. applying a binary mask where "1" indicates the
solid fuel and zero otherwise. Using the binary masks generated by the U-net, the regression rate can be accurately
computed by comparing the number of segmented pixels over time. A similar approach is discussed in [2] for a slab
burner experiment for a paraffin wax-gaseous hybrid combustion. However, the results presented in the following differ
in several aspects: First, the high-speed videos have been acquired at a frame rate of 10,000 fps. For an average test of
three seconds duration, this translates to 30,000 images to be analyzed per combustion test. In this research, four tests
have been analyzed, for a total of 120,000 frames. The dataset is much larger in size so that the aspect of generalization
(i.e. using the neural network model to new images it was not trained on before) becomes more relevant. Second, since
the high frame rate of the camera does not allow for using a high intensity flash for a correct image exposure, the
obtained images are, in general, underexposed, as the flame tends to saturate the camera and the flame profile hides
the contours of the slab. This makes the task of image segmentation more difficult for the domain expert and for the
algorithm. Third, we derive time-dependent regression rates over a sequence of positions on the surface of the solid fuel
to allow for a better analysis of the geometric changes over time.

The remainder of this article is organized as follows: first, the experimental setup is described in Sec. II.A. Then, in
Sec. II.B the neural network model is introduced and Monte Carlo dropout, an approach to measure the uncertainty of
the model prediction, is presented. Finally, Sec. III presents the preliminary results and discusses the expected results
that are intended for the final manuscript.

II. Methods

A. Experimental setup
All combustion tests were performed at the test complex M11 from the Institute of Space Propulsion, German

Aerospace Center (DLR), in Lampoldshausen. Figure 1 shows a side view of the hybrid rocket slab burner, that was
adapted from a combustion chamber set-up used in previous studies to investigate the combustion behavior of solid fuel
ramjets [3]. The optically accessible combustion chamber has a rectangular cross-section and is 450 mm long, 150 mm
wide and 90 mm high. The pre-chamber with the flow straighteners is 450 mm long and the post chamber is 150 mm
long.

Fig. 1 Side view of the atmospheric combustion chamber set-up, adapted from Thumann and Ciezki [4].

The selected oxidizer is gaseous oxygen, which is fed in the combustion chamber from the left side of the drawing.
In order to obtain homogeneous flow conditions in the burner, two flow straighteners are used. The mass flow rate is
adjusted by a flow control valve and is measured with a Coriolis flow meter. Furthermore, an oxygen/hydrogen torch
igniter is positioned at the left bottom of the chamber. Finally, at the end of the combustion, when the main oxidizer
valve is closed, nitrogen is used for purging. All tests are run automatically by the test bench control system. A more
detailed description of the test bench and test settings can be found in [5].

In this study, four combustion tests have been analyzed, selected from the tests performed in [7] to investigate
liquid layer combustion instabilities. The test matrix is presented in Table 1, respecting the original enumeration. All
the tests investigated in this study were run at an atmospheric combustion pressure and with an oxidizer mass flow
ranging from 50 to 80 g/s, with a mass flux ranging from 9.1 to 14.6 kg/(m2s). Combustion tests were performed
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Table 1 Test matrix of combustion tests

Test no. Fuel ¤𝑚𝑂𝑥 [g/s]

6805 6805+5% 50 80
polymer

203 ✓ ✓

252 ✓ ✓

253 ✓ ✓

254 ✓ ✓

Fig. 2 Fuel slab configuration with initial slope on the left-hand side before (top) and after (bottom) combustion
test, adapted from Rüttgers et al. [6].

using a single-slab paraffin-based fuel with a 30° forward facing ramp angle (see Fig. 2), in combination with gaseous
oxygen. Two different fuel compositions were considered to allow for analyzing the effect of the fuel composition on
the regression rate. First, pure paraffin 6805 from the manufacturer Sasol Wax was used. Second, 5% of a commonly
available polymer was added to it in order to change the fuel viscosity. All fuel slabs, produced and machined according
to the same procedure, were 200 mm long, 100 mm wide and 20 mm high. Burning time was 3 seconds for each test.
For video data acquisition a Photron Fastcam SA 1.1 high speed video camera with a resolution of 𝑁 = 1024 × 336
pixels was used. Due to the high frame rate of 10,000 frames per second all relevant combustion and flow phenomena
could be captured. The shutter speed and lens aperture of the camera was adjusted for each test, according to the test
conditions (especially brightness) and to the position of the camera.

B. U-net neural network architecture with Monte Carlo dropout
An artificial neural network in general is a sequence of linear operations and nonlinear element-wise operations that

are applied to some input data, e.g. images. Each operation in this sequence is called a layer and the intermediate results
are called neurons, features or activations depending on the context. Furthermore each layer may contain some free
parameters called weights. Using backpropagation these weights can be automatically adjusted to fit the neural network
to some given task and this optimization is called training. After training the neural network can be applied to new data
to make predictions and this process is called inference.

The U-net architecture as first proposed in [8] is a fully convolutional neural network designed for dense prediction
tasks, that is for a given image it produces a per-pixel prediction. The architecture, which is depicted in Fig. 3 for
this specific application, can be divided into an encoder and a decoder path. The encoder is similar to the first stages
of most convolutional neural networks in that the input image goes through a sequence of convolutional layers and
downsampling layers. In the convolutional layers a linear sliding-window filter is applied to the input and the values of
the kernel used in this filter are free parameters automatically computed during training. In the downsampling layers a
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Fig. 3 U-net architecture in which the number of filters in each layer is indicated. The width and height of
the input layer (left) and output layer (right) exactly corresponds with the original resolution of the combustion
images. Each 3 × 3 convolution is followed by batch normalisation and a ReLU non-linearity.

2 × 2 non-overlapping sliding window is moved over the input and for each position the maximum value inside the
window is computed. This downsampling halves the resolution of the intermediate results and to make up for this the
number of convolutional filters is doubled after each downsampling layer. The output of the encoder path is passed
to the decoder path together with intermediate results from just before each downsampling step. The decoder path
uses transposed convolutions to increase the resolution of the features again while reducing their depth. The result of
this upsampling and the intermediate encoder result at the same resolution are then passed to a block of convolutional
layers. This pattern is repeated until arriving at the original resolution. Ultimately, the last layer of the model is a
1 × 1 convolution followed by a sigmoid function that maps the pixelwise features to a single probability per pixel. By
choosing a threshold one can then generate a binary mask segmenting the slab. All convolutional layers except for the
very last one use 3 × 3 filters and are each followed by batch normalisation, a detailed description is given in [9], and a
ReLU non-linearity.

Dropout is a common building block in neural networks in which some of the neurons of in a hidden layer of a
neural network are randomly dropped, i.e. their value is set to zero. This operation was initially proposed in [10] to
avoid weight configurations during training that overly rely on a few neurons to make their prediction which is a sign of
overfitting on the training data. After training the model this random zeroing of neurons is usually turned off and the
activations are scaled appropriately to match their mean value during training. Monte Carlo dropout introduced in [11]
refers to keeping this random aspect during inference. This means that repeated evaluations of the same model on the
same data can lead to slightly different results. The differences between the different evaluations of the model can then
be used to assess the uncertainty of the prediction.

III. Preliminary and expected results

Table 2 Average regression rate [mm/s] measured by difference in mass/thickness before and after experiment

test no. mass thickness
203 0.085 0.036
252 0.55 1.1
253 0.49 0.97
254 0.49 1.1

In a first step, a domain expert manually created a binary mask for a small subset of 16 images of the full dataset of
test 253 containing 30,000 images (cf. Fig. 4 (b)). The 16 manual segmentations are distributed over the full range of
test 253 to cover all relevant flow phases such as ignition, steady combustion and extinction phase. For the determination
of the different flow phases in the dataset, we employ a clustering approach that is described in detail in [12].

Due to the usage of a high-speed video camera, the fuel slab in adjacent images in the dataset is almost identical in
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(a) image 29,365 from test 253

(b) manual segmentation by domain expert (ground truth)

(c) U-net prediction

(d) uncertain pixels using Monte Carlo dropout

Fig. 4 Binary segmentation of the fuel slab in test 253 at time 𝑡 = 2.9365.

size even if flow behavior varies strongly. Therefore, a manually created binary mask can be reused several times for the
surrounding five neighbouring images without incurring significant additional error. As an example, the binary mask of
image 29,365 for test 253 was reused for the images 29,360, . . . , 29,370. This approach has a further advantage since
the neural network is forced to separate the transient flow field and the background from the fuel slab. Thus we end up
with a total number of 176 datapoints, each consisting of an image and a binary mask, as reference data.

On this dataset we perform 4-fold crossvalidation, that is we split the 16 masks into 4 blocks of 4 masks each and
train a U-net on 3 of these blocks corresponding to 132 images. We then evaluate the resulting model on the remaining
images that were left out during training. This process is repeated for each block resulting in 4 models. To quantify the
performance of the models we use the mean intersection over union (mIoU), also known as the Jaccard Index, and the
mean average error of the height of the slab computed from the prediction relative to the manually created mask (MAE).
There is some variation in the resulting metrics due to the relatively small size of the training data and the random
initialization of the neural network but nonetheless the U-net achieves on average a mIoU of 0.99 and a MAE of 1.2%
on the validation data, which confirms the potential of the U-net approach for high accuracy.

Table 3 Results for 4-fold crossvalidation on test 253

fold no. mIoU MAE[%]
1 0.993 1.131
2 0.987 1.600
3 0.986 1.252
4 0.995 0.737

Figure 4 (c) shows the binary mask prediction of the final neural network model of fold 1 after training for the unseen
image 29,365 from the validation data set. It can be observed that the prediction closely matches the ground truth from
the manual segmentation. In more detail, the U-net is able to distinguish the surface combustion flame from the fuel slab.
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(a) image 28,271 from test 253

(b) U-net prediction (cropped in height)

(c) uncertain pixels using Monte Carlo dropout

Fig. 5 Binary segmentation of the fuel slab in test 203 at time 𝑡 = 2.8271 using the U-net prediction. The U-net
trained with test 253 has not seen any image of test 203 in training.

Moreover, the U-net is also able to recognize the part of the fuel slab that is behind the side flames, which are closer to
the camera in the direction of view. This obstruction is a major challenge for classical filters from computer vision such
as thresholding which was verified in a preliminary study that will be shown in the final paper. Therefore, this example
demonstrates the advantage of machine learning image segmentation compared to classical computer vision filters.

Although the difference between the manual segmentation (Fig. 4 (b)) and the neural network prediction is small
(Fig. 4 (c)) and only visible on the surface of the fuel slab, it is necessary to quantify the magnitude of the error. Since
ground truth data does not exist for the majority of the dataset, a direct comparison in general is not possible. Therefore,
we employ Monte Carlo dropout, explained in detail in Section II.B, as a way to determine the pixels with the highest
uncertainty regarding a correct classification. Figure 4 (d) visualizes the pixel cells that were classified differently in
different model predictions generated with Monte Carlo dropout. As expected, the uncertain pixels are located on the
surface of the fuel slab. By identifying these uncertain pixels, one can then estimate the segmentation error.

Next, we investigate whether a U-net trained on a specific combustion such as test 253 can also be used to segment
further combustion tests. The main motivation is to have a general software tool in the end that can be directly applied
to new combustion tests. Table 1 lists the different tests that will be considered. Test 254 coincides with test 253 in all
relevant physical parameters such as fuel type and oxidizer mass flow whereas test 252 uses a higher oxidizer mass flow
and test 203 uses a different fuel composition. The average regression rate over the entire experiment was determined by
measuring the difference in height/mass before and after the experiment for each test (cf. Table 2). Figure 5 shows the
prediction of the binary mask for an example image in test 203. Although the U-net prediction for the binary mask is
still plausible in general, a larger error is observed on the left-hand side (LHS) of the fuel slab (s. Fig. 5 (b)). This is due
to the fact no image from this test was used for the training of the neural network. However, the larger error region is
also visible on the LHS of the pixelwise uncertainty depicted in Fig. 5 (d). Using this uncertainty estimation as an error
indicator for each image of the 30 000 images of test 203, we can determine those images with the highest expected
error and segment them manually by a domain expert. Some preliminary tests indicate that adding 2-3 of manual
segmentations for test 203 to the training data can already help to obtain a low overall error for this new combustion test.
In the final publication, the generalization property of the U-net approach to new combustion tests such as test 203, 252
and 254 will be discussed in more detail.

As mentioned in the beginning, the main motivation for the binary segmentation of the images is to compute
secondary quantities of interest such as the time-dependent regression rate. Finally, Fig. 6 (a) shows the height for each
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(a) Mean pixel height over time for each image

0.0 0.5 1.0 1.5 2.0 2.5 3.0
time[s]

19.4

19.5

19.6

19.7

19.8

19.9

20.0

fil
te

re
d 

he
ig

ht
[m

m
]

front
center
average

(b) Smoothed mean pixel height after filtering
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(c) Regression rate over time as primary quantity of interest

Fig. 6 Computation of the decreasing height and the regression rate in test 253 at different spatial positions.
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image of test 253 at different spatial positions along the length of the block. The graphs "front" and "center" refer to
the average height of a small section of the slab at the front, i.e. near the forward ramp, and in the center of the slab,
respectively, whereas "average" refers to the average height along the entire length of the slab excluding the forward
ramp. The plot contains several spikes or artifacts, for instance at about 𝑡 = 0.5 s, which are caused by misclassifications
of some pixels in these frames. Nonetheless a clear downward trend can be observed showing that the U-net is able
to detect the regression of the fuel slab. Due to the usage of a high-speed video camera, we know that the shape of
the slab cannot change dramatically between adjacent images so that some of these artifacts can also be removed in
a post-processing step. Figure 6 (b) shows a smoothed plot of the pixel height using a polynomial fit. Finally, the
regression rate is determined as derivative of the pixel height (Fig. 6 (c)). It can be observed that the regression near the
forward ramp is largest at the beginning of the combustion and decreases over time while at the center the regression
starts slower but increases until reaching a maximum at around 𝑡 = 2 s. This coincides with our observation since the
combustion flame starts at the LHS of the slab and moves further right over the course of the experiment. Indeed it
covers the complete surface of the fuel slab in the steady combustion phase (between 0.8 s and 2.5 s) and only covers the
right-hand side (RHS) of the fuel slab in the final extinction phase.

For the final publication, it is intended to further expand on this discussion of the time-dependent regression
rates computed at different spatial positions. Using this approach, a better comparison between the different test
configurations can be achieved and a more detailed analysis is possible. Furthermore, other postprocessing techniques
will be investigated to avoid some of the problems that can be caused by a simple polynomial fit.

IV. Conclusion
In the presented study, a neural network was used for semantic image segmentation of hybrid rocket combustion data.

Compared to classical approaches from computer vision such as thresholding, the neural network achieved better results
for the specific application due its better handling of noise and complex flow phenomena. This shows the potential of an
optical determination of the fuel regression rate for future combustion tests.
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