
Labeling ionizing radiation with an artificial neural network 

With an unsorted, sequential input 

Ivan Appelsved 2018-05-24 

1 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Självständigt arbete på grundnivå 

Independent degree project - first cycle 
 

 

 

 

 

 

 

Elektroteknik 

Electrical Engineering 

 

Dosimetry of ionizing radiation with an artificial neural network 

With an unsorted, sequential input 

 

 

  



Labeling ionizing radiation with an artificial neural network 

With an unsorted, sequential input 

Ivan Appelsved 2018-05-24 

2 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

MID SWEDEN UNIVERSITY 

Electronics design division 

Examiner: Benny Thörnberg, benny.thornberg@miun.se 

Supervisor: Sebastian Bader, sebastian.bader@miun.se 

Author: Ivan Appelsved, ivap1500@student.miun.se 

Degree programme: Civilingenjör Elektroniksystem, 300 hp 

Main field of study: Electronics 

Semester, year: VT, 2018 

  

mailto:benny.thornberg@miun.se
mailto:sebastian.bader@miun.se
mailto:ivap1500@student.miun.se


Labeling ionizing radiation with an artificial neural network 

With an unsorted, sequential input 

Ivan Appelsved 2018-05-24 

3 

Abstract 
In this thesis the verification of a neural network’s proficiency at labeling ionizing 

radiation particles from the unsorted output of a timepix3 camera is attempted. 

Focus is put on labeling single particles in separate data sequences with slightly 

preprocessed input data. Preprocessing of input data is done to simplify the patterns 

that should be recognized. Two major choices were available for this project, Elman-

network and Jordan-network. A more complicated type was not an option because of 

the longer time needed to implement them. The network type chosen was Elman 

because of freedom in context size. The neural network is created and trained with 

the TensorFlow API in python with labeled data that was not created by hand. The 

network recognized the length difference between gamma particles and alpha 

particles. Beta particles were not considered by the network. It is concluded that the 

Elman-style network is not proficient in labeling the sequences, which were 

considered short enough and to have simple enough input data. A more modern 

network type is therefore likely required to solve this problem. 

Keywords: Artificial neural network, recurrent neural network, radiation analyzing, 

timepix3 radiation camera,  
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Terminology 
abbreviations  

ANN Artificial neural network 

RNN Recurrent neural network 

MLP Multi-layered perceptron 

API Application Programming interface 

ToA Time of arrival 

fToA Fine time of arrival 

BPTT Back-propagation through time 

TBPTT Truncated back-propagation through time 

Mathematical notations  

𝑎𝑟𝑟𝑜𝑤⃗⃗⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗  A matrix 

𝑚𝑎𝑡1⃗⃗⃗⃗⃗⃗ ⃗⃗ ⃗⃗  ⃗ 𝑚𝑎𝑡2⃗⃗⃗⃗⃗⃗ ⃗⃗ ⃗⃗  ⃗  Matrix multiplication with mat1 and mat2 

𝑤𝑗𝑖  Weight connected from node 𝑥𝑖 in layer 1 to node 

𝑥𝑗 in layer 2 
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1 Introduction 
Identification of radiation is needed in many situations eg. Determining the material 

in a certain lump of mass. If the mass is a mixture of several different radioactive 

materials measuring the types of radiation, energy of the particles and number of 

particles with certain energies can reveal the lump’s material composition (at least 

partly). 

The most common way to do this is to use a radiation camera, like the timepix3, and 

a computer with software that takes in all data during some period of time, 

composing it into a picture for analysis. The pictures are then processed by humans 

or other software to determine radiation type from the shapes in the picture. 

Using a shutter open duration that is too long will have a high risk of different 

particles overlapping in the picture, making them difficult (or impossible) to identify. 

This risk of overlap is increased with the amount of particles over the selected time 

period. Using a shutter speed that is short creates a lot of empty pictures, increasing 

data size a lot for no added benefit. 

1.1 Problem motivation 

It is now quite common to make artificial neural nets for identifying shapes in 

pictures. It is a well-studied problem to identify and separate different objects in both 

single pictures and video. A problem not so well-understood is identifying shapes in 

pictures where empty pixels do not exist and the pixels are not completely sorted. 

This problem can be investigated by analyzing the raw output of a timepix3 camera’s 

output. 

Attempting this problem may also be a benefit in computation time. In cases where 

ordinary algorithms are difficult to write, artificial neural networks may decrease 

time needed for computation. It is especially beneficial to attempt analyzing data 

sequentially when the data amount is large since the risk of overlapping particles 

become grater with the amount of particles in the picture. The risk of overlapping 

particles in raw timepix3 data is much less, as two particles must hit the sensor 

substrate at both the same place and moment. 

1.2 High level problem 

In order to mitigate the problem of overlap the camera output can be processed 

without conversion to picture. The method then is to determine radiation type from 

the sequential output of a timepix3 camera. 
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A recursive neural network will be constructed to analyze the sequence of timepix3 

packets with non-determinable length and order. It is the goal of this project to verify 

if an artificial neural network is suitable to recognize the shapes of Gamma, Beta and 

Alpha particles from sequences of packets from a timepix3 camera. 

1.3 Concrete goals 

Make a preprocessing algorithm to make patterns in the input simpler. 

Train the network to recognize Alpha, Beta and Gamma radiation. Find an effective 

network structure (number of layers and nodes) for this problem. 

Verify the network’s performance and test it for overfitting. 

1.4 Limitations 

Only the output from the timepix3 camera will be considered but the network should 

work with data from any camera that has packets containing a time of arrival, pixel 

energy and pixel coordinates (split into column, row). 

The focus of this thesis will be on the pattern recognition of Alpha, Beta and Gamma 

radiation if the data is unsorted within the single particle. A full sequence of data 

from a timepix3 camera will not be considered. 
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2 Theory 
2.1 Artificial Neural Networks 

An artificial neural network (ANN) is multiple sets of nerve cells (nodes) connected 

forward with synapses (weights). The data flows from one set of nodes (layers) 

through weights, to the next layer. There may be any number of layers in a network. 

Weights connect all nodes in one layer to all nodes in the next layer. [1]  

The simplest kind of (and commonly used) ANN is the Multi Layered Perceptron 

(MLP). An MLP has at least two layers, the input and the output with all nodes in the 

input connected to all nodes in the output by all different weights. Any layers in 

between the input and output are called hidden layers, which they are called as they 

can’t be interfaced with from the outside. Figure 1 shows the layers in different 

colors, nodes as circles and weights as arrows. [1] 

  

Figure 1 shows an MLP with 3 layers. [2] 

ANNs are mathematical functions, consisting of mostly sums and multiplications. 

For this reason, to use a neural net the problem and solution must be represented by 

numbers.  

Each node is calculated as the weighted sum of all nodes in the previous layer. In 

other words, all nodes are sums of multiplications between the previous nodes and 

their respective weights. 
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𝑎𝑗 = ∑ 𝑥𝑖 ∗ 𝑤𝑗𝑖
𝑁
𝑖   (1) 

Equation 1: aj is the calculated node, xi is the incoming node and wji is the weight connecting the two 

nodes. N is the number of incoming nodes. 

Sums of multiplications make a linear function. A non-linear function that 

“squashes” the outgoing node’s value to an interval is applied to the nodes’ value in 

order to lessen the linearity of the network. The more complex nature is wanted for 

the ability to approximate less linear functions. Two examples of non-linear 

activation functions are tanh and sigmoid functions. [3] 

tanh(𝑎𝑗) =
𝑒

𝑎𝑗−𝑒
−𝑎𝑗

𝑒
𝑎𝑗+𝑒

−𝑎𝑗
  (2) 

The Tanh function is shown in figure 2 

 

Figure 2: the tanh function [4] 

𝜎(𝑎𝑗) =
1

1+𝑒
−𝑎𝑗

 (3) 

The Sigmoid function is shown in figure 3 

 

Figure 3: the sigmoid function [5] 

Activation function for the output nodes may be different than for hidden nodes. For 

example, in labeling problems (choosing one of multiple choices, each choice/output 

represents a label) the softmax non-linearity function is applied. 
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𝑦𝑘(𝑎𝑘, 𝑎𝑗) =
𝑒𝑎𝑘

∑ 𝑒
𝑎𝑗𝐾

𝑗

  (4) 

Equation 4: 𝑎𝑗is the incoming node, 𝑎𝑘 is the outgoing node (calculated by the sum, like 𝑎𝑗), K is the 

number of incoming nodes. 

Softmax’s popularity comes from its similarity with the max function. However, 

instead of selecting the highest value in a sequence, all values are divided by their 

sum, creating fractions describing their size compared to the whole. The fractions all 

sum to 1, which make the values easy to interpret as chances. A label will always be 

output by choosing the label with the highest chance. [6] 

Lastly, often implemented is a bias. The bias is added to the value of a node after 

summing the weighted values of previous nodes. The effect of the bias is shifting the 

activation function towards a higher or lower input value (for visual effect, imagine 

the graph in figure 2 and 3 shifting left or right). 

2.2 Recurrent Neural Networks 

The MLP can solve most problems where all data needed can be accessed all at once, 

like finding shapes in a picture. It can’t make any connection between different 

pictures however, if only one picture can be entered into the network at any time. 

This is because an MLP is a stateless network, meaning when a new output is 

calculated, no previous values are accounted for.  

This is not an issue for most problems but some involve a dataset with an unknown 

size, like recognizing movements in video footage. A movement can be slow, and be 

part of many frames or short and be part of few frames. 

The recurrent neural network (RNN) applies methods to save data from one input 

sample to the next. This can be done in multiple ways. For example the output can be 

routed back together with the next input sample, this method is called a Jordan 

network after Michael Jordan [7]. A different choice is an Elman network named after 

Jeffrey Elman, which instead uses a hidden layer as context [8]. In figure 4 is an 

illustration of an Elman network. Figure 5 illustrates a Jordan network 



Labeling ionizing radiation with an artificial neural network 

With an unsorted, sequential input 

Ivan Appelsved 2018-05-24 

12 

 

Figure 4: illustration of Elman network [9] 

 

Figure 5: illustration of Jordan network [9] 

The state/context is input into the network alongside the next data sample. The 

effective size of the input, in both cases, is therefore the length of the input vector 

plus the length of the state vector [7][8]. 

An important concept for understanding an RNN and its training algorithms is to 

unwind/unfold the network. Figure 5 shows a network with 1 input node, 2 hidden 

nodes and 1 output node. The pink arrows are the Elman-style recurrent weights. 

Figure 6 shows the same network, unwound one time step. 
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Figure 5: A very simple Elman-RNN. [10] 

 

Figure 6: an RNN unwound one time step. [10] 

The unwound RNN is more similar to an MLP only with connections going forward 

in time (to the right).  

2.3 Timepix3 camera 

The Timepix3 camera is a CMOS camera sensitive to ionizing radiation. The camera 

does not output pictures, like its predecessor, Timepix2. The output of a Timepix3 

camera is a stream of packets containing position, time and energy data of separate 

pixels. One packet is sent from one pixel after it’s been hit. A particle can hit multiple 

pixels, but all pixels hit by the particle will only send one packet each. The packets 

are sent as they are created and are therefore somewhat unsorted. [11] 



Labeling ionizing radiation with an artificial neural network 

With an unsorted, sequential input 

Ivan Appelsved 2018-05-24 

14 

One type of data packets of the timepix3 camera (ones used in this thesis) are built 

according to table 1. 

Table 1: Timepix3 data packets 

Type Header Column Row ToA Energy fToA 

Bit count 8 16 16 14 10 4 

 

The header signifies what type of data the packet contains. Data packets of the above 

type are headers of type: 0xBX, where X is anything. 

The output from the Timepix3 camera has a different way of structuring coordinates 

but the packets are converted on an FPGA to contain column and row instead. The 

camera is connected directly to the FPGA which is connected via USB to the 

computer. 

Time of Arrival (ToA) has a resolution of 25 ns and the maximum value represents a 

time difference of 409.6 µs. This time can contain hundreds of particles, if the source 

is active enough. [11] 

Fine Time of Arrival (fToA) has a resolution of 1.56 ns [11]. The pixel activations of 

one particle are often separated in time too short to be noticed on ToA, fToA can 

therefore be used to recognize shape together with column and row. 

2.4 Preprocessing 

Preprocessing of incoming data is done to make the task of the network as easy as 

possible. All simplifications reduce the complexity of the network and the 

complexity of the errorfunction, simplifying training. The result is a higher likelihood 

of the network being able to do the task at hand. 

 The format of the ToA data is changed to be relative inside each particle. In every 

sequence the ToA will start at 0 and be the time relative to the pixel struck first. This 

will be done by merging ToA and fToA into a single data piece and then reducing it 

as much as the lowest merged ToA.  

2.5 Training algorithm 

To train an ANN (using supervised learning) one must have labeled data. Labeled 

data is a series of inputs to which the output is known (known as labels). The 

training algorithm uses this data to change the weights and biases in the network to 

obtain outputs (approximations) that are as similar to the labels as possible.  

It is often useful to have a second dataset to test the network’s proficiency with. It is 

possible that the network becomes very good at solving the problem with only the 
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test data but nothing else. This is called overfitting, when a network which is not 

very good at solving the problem with any possible data but is excellent at solving 

the problem with the limited training data 

The algorithm used is called back-propagation through time (BPTT) and is a 

modification of Back-Propagation to work with an RNN. 

In back-propagation an errorfunction is calculated as the difference between the 

approximations done by the network and the labels. The algorithm is made to find 

the lowest point in this function where all weights and biases are separate inputs. 

The difference is propagated back into the network through nodes and weights 

calculating the differences between the current weight values and weight values that 

should yield a better approximation. 

“The basic idea of the back-propagation learning algorithm is the repeated 

application of the chain rule to compute the influence of each weight in the 

network with respect to an arbitrary errorfunction E” [12].  

The rule the quote references is the chain rule of derivatives, as seen in equation 5. It 

shows the change of influence of each weight with respect to the errorfunction. The 

backpropagatin algorithm uses differences instead of differentials but the rule holds. 

𝑑𝐸

𝑑𝑤𝑖𝑗
=

𝑑𝐸

𝑑𝑦𝑖

𝑑𝑦𝑖

𝑑𝑥𝑖

𝑑𝑥𝑖

𝑑𝑤𝑖𝑗
  (5) 

 
Equation 5: E is the error, w is the weight, x is the weighted sum of the inputs and y is the activated 

output. [12] 

In the following description the 𝑎𝑟𝑟𝑜𝑤⃗⃗⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ notation is used to signify a matrix. Two 

matrices beside each other without operator in between signifies a matrix 

multiplication. 

As earlier stated, the first step of back-propagation is the difference between network 

approximation and label. [13] 

Δ𝑦𝑛
⃗⃗ ⃗⃗ ⃗⃗  ⃗ = 𝑦𝑛⃗⃗⃗⃗ − 𝑙𝑎𝑏𝑒𝑙⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗   (6) 

Equation 6:  𝑦𝑛 is the output value after activation function of the last layer (approximation). 

The propagation back through a node is done by multiplying its output delta with 

the derivative of that node’s activation function (the example used here is the tanh 

function). 

Δ𝑥𝑛
⃗⃗ ⃗⃗ ⃗⃗  ⃗ = Δy⃗⃗⃗⃗  𝑡𝑎𝑛ℎ′(𝑥𝑛)⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗    (7) 

Equation7: 𝑥𝑛 is the node values in the final (output) layer, before activation. Tanh’ is the derivative of 

the tanh function (the derivative of the activation function used for that layer, for this thesis it would 

not be tanh’ on the output layer). 
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The delta for the final weight matrix is calculated by multiplying the delta of the non-

activated output nodes and the activated transposed values of the final hidden layer. 

Δ𝑤𝑚
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ = yn−1⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  

𝑇
 Δ𝑥𝑛
⃗⃗ ⃗⃗ ⃗⃗  ⃗  (8) 

Equation 8: 𝑤𝑚is the last weight matrix, 𝑥𝑛−1 is the node values of last hidden layer (before activation 

function). 

The delta of the activated values of all hidden layers is found by multiplying the 

delta of the non-activated values of the next layer (previously calculated) with the 

transposed weight matrix between the two layers. 

Δyn−1
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ = Δ𝑥𝑛

⃗⃗ ⃗⃗ ⃗⃗  ⃗ 𝑤𝑚⃗⃗⃗⃗⃗⃗ 
𝑇
 (9) 

Equation 9: 𝑦𝑛−1is the output values of the last hidden layer, after activation function 

Going forward is a repetition of the previously done calculations, the delta of the, 

again, previous non-activated values of previous layer. 

Δ𝑥𝑛−2 ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ = Δ𝑦𝑛−1
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗   𝑡𝑎𝑛ℎ′(𝑥𝑛−1)⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ (10) 

Equation 10: a repeat of equation 7. 

Delta of the first weight matrix is, just like the other weight matrix, found by 

multiplying the transposed activated values of the previous layer (In a 3-layered 

MLP, this is the input) with the delta of the non-activated values of the next layer. 

Δ𝑤𝑚−1
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ = 𝑦𝑛−2⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗

𝑇
 Δxn−2
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ (11) 

Equation 11: 𝑦𝑛−2 is the input. 

For an MLP with one hidden layer, the delta for all weights have now been 

calculated. For a network with more layers repeat equations 9, 10 and 11 for every 

weight matrix left in the network. 

A method of training is to use mini-batches. A mini-batch is a collection of input-

label pairs that are used to steer the training in a direction that all samples in the 

mini-batch will benefit from. The training may walk in circles calculating new 

weights after every approximation if the different deltas contradict each other. The 

errors for all approximations in the mini-batch are propagated back to the weights, 

creating one delta W matrix for each approximation. The mean of all delta W 

matrices is then chosen as the final delta W matrix to use for changing the weights. 

Back-propagation through time (BPTT) is much like normal back-propagation with a 

few changes to suit the recurrence of the network. The network is unwound from the 

end (final time step) to the current input sample. The error is then propagated back 

through nodes and weights creating delta W matrices for every time step. There will 

then be the same amount of deltas for one weight as the amount of recurrent steps 
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that were taken from current input to final output. All deltas for the same weight are 

summed to create the delta W matrix acquired from one input with BPTT. In figure 7 

the red arrows create one delta W matrix each, all red arrows from the same error are 

summed into one. 

Non-linear activation functions reduce the impact of a value the more times it is 

squashed. The more time steps a data sample is propagated the less it will therefore 

impact the output. For very long data sequences it might not be necessary to 

propagate the error from the final output back to the first time step. To lessen the 

calculation time of the back-propagation algorithm the propagation length can be 

truncated. The new algorithm, truncated back-propagation through time (TBPTT) 

can potentially be much faster with little impact on learning time for the network.  

Figure 7 shows a truncated propagation of errors through 3 (2 recurrent) steps. The 

data samples are input from left to right.  

 

Figure 7: how the error is propagated backwards three steps. [14] 

2.6 TensorFlow optimization functions 

Tensorflow contains functions for training neural networks called optimization 

functions. All functions used in this thesis are different implementations of the back-

propagation algorithm, with slightly different function.  

Most optimization functions have only one required input, which is called the 

learning rate. The learning rate is used to change the speed of the back-propagation 

function (increasing or reducing the deltas for the weights). A learning rate must be 

chosen small enough so that the network converges to a local minimum, but also 

large enough that the time it takes is not too long or that a very shallow local 

minimum is converged into [14].  

Momentum optimizer function also has a momentum variable that changes the 

learning rate depending on if the weight was changed in the same direction multiple 

times. [15]  
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3 Method 
3.1 Network implementation 

The network topology was chosen to be simple. More complicated types, like LSTM 

[6], were not chosen because of their difficulty and time requirement to implement. 

Their longer memory were thought unnecessary for the short sequences used. The 

Elman type RNN was chosen over the Jordan type RNN for its greater independence 

between output and context. The output of the implemented network is very limited 

and thought not to be enough as context. 

The Elman network uses the internal state of one hidden layer to input into the 

network with the next input sample. This makes the recurrent state independent of 

the output size, giving more control to the network designer. A more complex 

network can often make more complex connections between input and output and 

can therefore be applied to more complex problems. 

The network was implemented and trained using google’s Tensorflow-API. The API 

for python was chosen as a fast and easy way of implementing the algorithms. The 

network was constructed as an Elman style recursive neural network with two 

hidden layers, the second hidden layer being the recurrent context layer. The tanh 

activation function was used in the hidden layers and the softmax function used for 

the output.  

3.2 Preprocessing 

The preprocessing was done in a python script. The script used an API provided by 

Till Dreier who also provided the timepix3 data. The data was provided in three 

different files and was processed separately. First the ToA and fToA parts of all 

packages were merged into one ToA. The resolutions of the two clocks were such 

that ToA could be shifted left 4 bits and concatenated with fToA without changing 

the time perspective.  

𝑇𝑜𝐴 = 16 ∗ 𝑓𝑇𝑜𝐴 (12) 

The data was then separated into smaller sequences by separating packets with very 

different ToA and/or coordinates. Both were different for each radiation type, Table 2 

shows the differences in time and distance. 
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Table 2. Time and pixel differences that warrants a sequence separation. 

 Time (ns) Pixel count 

Alpha 70.2 6 

Beta 62.4 20 

Gamma 31.2 2 

 

In the case of alpha and beta particles, sequences that were shorter than 9 packets 

were removed from the data set. Sequences that were longer than 3 packets were 

removed from the gamma data set. 

The ToA was then configured in all particles to start at 0 ns. This was done by 

subtracting the lowest ToA in every sequence to all packets in that sequence. The 

result is a ToA that always starts at 0 ns and grows with the time difference between 

packets. 

TensorFlow requires all sequences to be the same length. All sequences were 

therefore lengthened to an arbitrary length chosen by a round number below which a 

very clear majority of sequences’ lengths were. The arbitrary round number chosen 

was 25. All sequences longer than 25 were removed from the data set. The added 

input samples in the lengthened sequences were 0-vectors (adding 0-vectors as fillers 

of empty space is called 0-padding). 0-padding can result in unwanted patterns that 

the training algorithm may use. This is unwanted behavior but can’t be avoided with 

TensorFlow. 

 

3.3 Training and evaluating 

Feature vectors were created from 450 particles of the three types of radiation, equal 

amounts of each. Each feature vector was used 600 to 20000 times, depending on the 

number of nodes in the network. In total there were 5 feature vectors used for 

training. 

The sparce_softmax_cross_entropy_with_logits Tensorflow function was used to 

calculate the loss value, which is an implementation of the cross entropy algorithm. 

To train the network an optimization function was used, chosen by which function 

gave the best results in a short test beforehand. 

To test a network’s proficiency a separate feature vector that is not trained with was 

used. The errorfunction’s loss value from this feature vector was recorded together 

with the last loss value from the training data. By comparing the two values it can be 

considered if there was any overadaptation (overfitting) to the training data. An 
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overfitted network is unwanted because it may be much worse in the general case 

than the results gained from the training data may suggest. It is expected for the 

training data to get slightly lower loss values since the network is adapted for it but 

too much overfitting is detrimental to the network’s general performance. 

The two results were produced for different configurations of the network. The 

configurations were two hidden layers (four layers in total) in all cases. The number 

of nodes were all combinations between the layers of 1, 5 and 10 nodes. The goal was 

to find, generally, how many weights are needed to make good approximations (if 

good approximations are possible with an Elman network). 

The network’s approximations can show how much the network responds to 

patterns in the input. One set of approximations was recorded from each network 

configuration test. 

The network was set to make an approximation for every input in a sequence, there 

was therefore one label per input sample in a sequence. All labels in the same 

sequence were equal. An error was therefore calculated for each sample. A 

completely correct answer every time from only the first sample is considered 

impossible, so a loss value of 0 is impossible. It is unknown how low the loss value 

can be expected in an optimal situation, but it is thought to be much less than 0.1.  
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4 Results 
Table 3 shows the loss values gained with different optimization functions for a 4 

layered network with 10 nodes in each hidden layer. Each feature vector of 450 

particles used for training was used 10000 times. The learning rate for all tests was 

0.3, the momentum optimizer was used with a momentum constant of 0.1. 

Table 3. Loss values after training with different optimization functions 

function train  error test error 

Adagrad 0.63605646 1.0987909 

Adadelta 0.30687246 1.9095246 

Adam 0.41086352 1.20483352 

GradiantDescent 0.63655245 1.0989727 

Momentum 0.63640326 1.0989388 

RMSProp N/A N/A 

 

The RMSProp function did not stabilize (loss value oscillating between high values 

and low values) and its loss values were not recorded because of this. 

Table 4 shows all recorded loss values from a two-layered network with all 

combinations of 1, 5 or 10 nodes in either/both. The number of iterations of the 

training feature vectors are also features. 

Table 4: Loss values recorded with different number of nodes 

layer1 layer2 train error test error iterations 

1 1 0.3526664 0.51054066 600 

5 5 0.3979694 0.7045166 10000 

10 10 0.4052003 0.7533607 20000 

5 10 0.4052632 0.7541301 10000 

10 1 0.33455166 0.5190573 6000 

1 10 0.33094072 0.5973735 6000 

5 1 0.3339969 0.51953864 6000 

10 5 0.3258103 0.5631811 20000 

 

Figures 8, 9 and 10 show three example outputs. The values are plotted chance 

against sample count. Green color is gamma, blue color is Alpha and orange color is 

beta. The input alpha particle was 13 samples long, the beta particle was 16 samples 

long and the gamma particle was 2 samples long. 
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Figure 8: Example output when inputting an alpha particle. 

 

Figure 9: Example output when inputting a beta particle. 



Labeling ionizing radiation with an artificial neural network 

With an unsorted, sequential input 

Ivan Appelsved 2018-05-24 

23 

 

Figure 10: Example output when inputting a gamma particle. 

In Appendix 1, tables 1 through 7, are the other approximations from the different 

network configurations, all for the same alpha particle. There is little difference 

between them except how fast the alpha chance decreases and the gamma increases 

at samples 14 and forward.  

In appendix 2, tables 1 and 2 are the approximations featured in figures 8 through 10 

in their original form. 

In appendix 2, tables 3 through 6 are the approximations for a beta particle and a 

gamma particle together with the sequences for both particles. 

  



Labeling ionizing radiation with an artificial neural network 

With an unsorted, sequential input 

Ivan Appelsved 2018-05-24 

24 

5 Discussion and Conclusions 
5.1 Result analysis and discussion 

As was said in the Method chapter, the Adagrad optimization function was chosen, 

though GradiantDescent and momentum would likely have worked just as well. The 

loss values in table 3 are different from the other tests as the training was run for a 

shorter time. 

There was little difference between the network configurations. In fact, the 1-1-

network did just as well as all other networks. This means it is likely all networks 

found the same very simple pattern that only required one node to follow. Some 

bigger network configuration did worse than the smaller ones, which could be a 

symptom of too little training or a too small training speed. 

There is a 0.2 to 0.3 difference between training data loss values and test data loss 

values. This means the test data is different enough for the network to label more 

poorly than the training data. It might also be because the loss value collected from 

the training data is the last loss value of 600, 6000, 10000 or 20000 depending on the 

network size. Since the networks were not perfected for the test data, the loss value 

for that data is expected to be higher. 

0.2 and 0.3 is a big differences between loss values, expecting a good performing 

network to score much less than 0.1. This suggests the training data was not 

comprehensive enough. 

The similarities between single-node networks and more complicated networks show 

that the only pattern(s) the networks were able to recognize were very simple. All 

networks seemingly found the same pattern, evident from the approximations in 

Appendix 1. As shown in Figures 8, 9 and 10, the networks recognized packets with 

data to bring a higher chance of the particle being alpha and 0-padding a higher 

chance of the particle being gamma. No approximation gave a high chance of beta in 

any sequence recorded, which is disappointing, since it means the best an Elman-

type network can do is recognize the difference between the different sequence 

lengths of alpha and gamma particles, excluding beta particles completely. Apart 

from the removal of beta radiation, the pattern is somewhat agreeable.  

If the network had been implemented without a need for 0-padding, what pattern(s) 

would the network have found? The 0-padding, lengthening the sequences 

unnecessarily, could be more detrimental to the model than expected. Causing the 

network to not be able to recognize patterns it otherwise could. 
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5.2 Conclusions 

Elman networks seem to require shorter than expected sequences. Perhaps a more 

complicated type of network is needed to realize patterns in the data. Perhaps not 

only should the ToA be converted to a value relative to the other ToAs in the particle, 

but also the pixel coordinates should be relative. Patterns are realized in the 

difference between values in the sequences. Large value differences between 

sequences could be detrimental to the difficulty of the training algorithm and 

network size needed to solve the problem. 

All data collected points to more training data and a more complicated type of 

network/node structure, like the LSTM or Neural Turing machines, being necessary 

to properly label sequences from a timepix3 camera. 

A neural network’s ability to recognize Alpha, Beta or Gamma radiation from 

unsorted sequences can’t be verified in this thesis. 

5.3 Further research 

As the conclusions imply, there is a lot that can be attempted further. Beyond making 

a network that can solve the attempted problem, there are multiple problems to 

attempt in this. The problems mentioned in this chapter are parts of the challenge to 

make a neural net that takes a single input sequence from a timepix3 camera and 

labels all particles inside correctly. 

Labeling sequences with more than one particle in them requires the network to 

know where one particle begins and another ends. This is the biggest part and 

requires the most restructuring of the network and/or the algorithms surrounding it. 

The ToA value overflows once every ~409 us. When this happens there is a risk of 

different pixel activations from one particle have vastly different ToA values, 

splitting the particle, making it unusable. If this can be detected, the particle halves 

can either be discarded or changed to be usable. 

The problem is slightly different for different applications. The attempted application 

is for simple labeling and counting but this removes all time and place data. A 

similar problem would be to convert the pixel data to particle data, storing one value 

of energy, coordinates and time. This would be more a problem of reducing the data 

amount, compressing it. By keeping one coordinate, time and energy for each particle 

a picture could still be constructed from the data but would use much less storage. 
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5.4 Ethical aspects 

Creating artificial neural networks to solve complex labeling problems is not a new 

idea. Neural networks are often chosen over a conventional algorithm when the 

problem at hand is complex to write rules for and especially when it is easy for a 

human to learn it. A significant problem with using neural networks, however, is 

that their behavior when given a before unseen input is unknown. There is therefore 

a risk of bad behavior with an input thought to be within the area of operation which 

can have unknown consequences. 

Dosimetry, measuring dose of ionizing radiation, is a field where human safety often 

is determined. Particle counters are used to determine safety around radioactive 

material. To determine the danger of incoming radiation the energy of the particles 

and type may be as important to know as how many particles there are, as higher 

energy particles are more destructive. The sequential, continuous dosimetry a neural 

network can provide with somewhat simple computation can be made into a small 

tool, like a Geiger counter, a person can carry with them. The counter might better 

determine the danger level than a traditional Geiger counter. 
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7 Appendix 
7.1 Appendix 1. Other approximations 

The particle’s sequence used for the following approximations is presented in Results 

in table 3. 

 

Table 1: 10-10-network approximations of an alpha particle 

Approx. Alpha chance Beta Chance Gamma Chance 

1 8.8981289e-01 5.9094623e-06 1.1018116e-01 

2 8.8981289e-01 5.9094623e-06 1.1018116e-01 

3 8.8981289e-01 5.9094623e-06 1.1018116e-01 

4 8.8981289e-01 5.9094623e-06 1.1018116e-01 

5 8.8981289e-01 5.9094623e-06 1.1018116e-01 

6 8.8981289e-01 5.9094623e-06 1.1018116e-01 

7 8.8981289e-01 5.9094623e-06 1.1018116e-01 

8 8.8981289e-01 5.9094623e-06 1.1018116e-01 

9 8.8981289e-01 5.9094623e-06 1.1018116e-01 

10 8.8981289e-01 5.9094623e-06 1.1018116e-01 

11 8.8981289e-01 5.9094623e-06 1.1018116e-01 

12 8.8981289e-01 5.9094623e-06 1.1018116e-01 

13 8.8981289e-01 5.9094623e-06 1.1018116e-01 

14 1.5097009e-01 3.3155563e-06 8.4902662e-01 

15 1.5094529e-01 3.3154006e-06 8.4905148e-01 

16 1.5094520e-01 3.3154006e-06 8.4905148e-01 

17 1.5094520e-01 3.3154035e-06 8.4905148e-01 

18 1.5094520e-01 3.3154035e-06 8.4905148e-01 

19 1.5094520e-01 3.3154035e-06 8.4905148e-01 

20 1.5094520e-01 3.3154035e-06 8.4905148e-01 

21 1.5094520e-01 3.3154035e-06 8.4905148e-01 

22 1.5094520e-01 3.3154035e-06 8.4905148e-01 

23 1.5094520e-01 3.3154035e-06 8.4905148e-01 

24 1.5094520e-01 3.3154035e-06 8.4905148e-01 

25 1.5094520e-01 3.3154035e-06 8.4905148e-01 

 

Table 2: 5-1-network approximations of an alpha particle 

Approx. Alpha chance Beta chance Gamma chance 

1 8.86269271e-01 2.03802148e-04 1.13526955e-01 

2 8.86269271e-01 2.03802148e-04 1.13526955e-01 

3 8.86269271e-01 2.03802148e-04 1.13526955e-01 

4 8.86269271e-01 2.03802148e-04 1.13526955e-01 
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5 8.86269271e-01 2.03802148e-04 1.13526955e-01 

6 8.86269271e-01 2.03802148e-04 1.13526955e-01 

7 8.86269271e-01 2.03802148e-04 1.13526955e-01 

8 8.86269271e-01 2.03802148e-04 1.13526955e-01 

9 8.86269271e-01 2.03802148e-04 1.13526955e-01 

10 8.86269271e-01 2.03802148e-04 1.13526955e-01 

11 8.86269271e-01 2.03802148e-04 1.13526955e-01 

12 8.86269271e-01 2.03802148e-04 1.13526955e-01 

13 8.86269271e-01 2.03802148e-04 1.13526955e-01 

14 4.75956947e-01 3.61887040e-04 5.23681104e-01 

15 3.96917909e-01 3.61003069e-04 6.02721095e-01 

16 3.54113877e-01 3.56519042e-04 6.45529568e-01 

17 3.24498504e-01 3.51624767e-04 6.75149858e-01 

18 3.00847143e-01 3.46582412e-04 6.98806345e-01 

19 2.79931039e-01 3.41223116e-04 7.19727814e-01 

20 2.59870499e-01 3.35230405e-04 7.39794254e-01 

21 2.39246055e-01 3.28128983e-04 7.60425866e-01 

22 2.16684461e-01 3.19162675e-04 7.82996356e-01 

23 1.90600038e-01 3.07044858e-04 8.09092879e-01 

24 1.59085795e-01 2.89461634e-04 8.40624750e-01 

25 1.20400943e-01 2.62270682e-04 8.79336774e-01 

 

Table 3: 10-1-network approximations of an alpha particle 

Approx. Alpha chance  Beta chance Gamma cance 

1 8.8576996e-01 2.0137729e-04 1.1402865e-01 

2 8.8576996e-01 2.0137729e-04 1.1402865e-01 

3 8.8576996e-01 2.0137729e-04 1.1402865e-01 

4 8.8576996e-01 2.0137729e-04 1.1402865e-01 

5 8.8576996e-01 2.0137729e-04 1.1402865e-01 

6 8.8576996e-01 2.0137729e-04 1.1402865e-01 

7 8.8576996e-01 2.0137729e-04 1.1402865e-01 

8 8.8576996e-01 2.0137729e-04 1.1402865e-01 

9 8.8576996e-01 2.0137729e-04 1.1402865e-01 

10 8.8576996e-01 2.0137729e-04 1.1402865e-01 

11 8.8576996e-01 2.0137729e-04 1.1402865e-01 

12 8.8576996e-01 2.0137729e-04 1.1402865e-01 

13 8.8576996e-01 2.0137729e-04 1.1402865e-01 

14 4.8306832e-01 3.4277406e-04 5.1658893e-01 

15 3.9872503e-01 3.4024139e-04 6.0093474e-01 

16 3.5429749e-01 3.3474949e-04 6.4536780e-01 

17 3.2404882e-01 3.2922736e-04 6.7562193e-01 

18 3.0015659e-01 3.2376641e-04 6.9951963e-01 

19 2.7920240e-01 3.1812151e-04 7.2047949e-01 

20 2.5923851e-01 3.1194548e-04 7.4044955e-01 
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21 2.3882648e-01 3.0476251e-04 7.6086873e-01 

22 2.1660008e-01 2.9584966e-04 7.8310400e-01 

23 1.9099835e-01 2.8400513e-04 8.0871761e-01 

24 1.6014148e-01 2.6710978e-04 8.3959138e-01 

25 1.2225543e-01 2.4143155e-04 8.7750316e-01 

 

Table 4: 5-5-network approximations of an alpha particle 

Approx. Alpha chance Beta chance Gamma chance 

1 8.60668004e-01 6.17721671e-05 1.39270306e-01 

2 8.60668004e-01 6.17721671e-05 1.39270306e-01 

3 8.60668004e-01 6.17721671e-05 1.39270306e-01 

4 8.60668004e-01 6.17721671e-05 1.39270306e-01 

5 8.60668004e-01 6.17721671e-05 1.39270306e-01 

6 8.60668004e-01 6.17721671e-05 1.39270306e-01 

7 8.60668004e-01 6.17721671e-05 1.39270306e-01 

8 8.60668004e-01 6.17721671e-05 1.39270306e-01 

9 8.60668004e-01 6.17721671e-05 1.39270306e-01 

10 8.60668004e-01 6.17721671e-05 1.39270306e-01 

11 8.60668004e-01 6.17721671e-05 1.39270306e-01 

12 8.60668004e-01 6.17721671e-05 1.39270306e-01 

13 8.60668004e-01 6.17721671e-05 1.39270306e-01 

14 5.90806961e-01 6.80141020e-05 4.09125000e-01 

15 3.53064626e-01 5.57553576e-05 6.46879613e-01 

16 2.19833940e-01 4.30377149e-05 6.46879613e-01 

17 1.61153838e-01 3.57364770e-05 8.38810444e-01 

18 1.37239993e-01 3.23620952e-05 8.62727642e-01 

19 1.27618149e-01 3.09257375e-05 8.72350991e-01 

20 1.23742387e-01 3.03331071e-05 8.76227260e-01 

21 1.22178309e-01 3.00916090e-05 8.77791584e-01 

22 1.21546365e-01 2.99935873e-05 8.78423691e-01 

23 1.21290907e-01 2.99539370e-05 8.78679097e-01 

24 1.21187672e-01 2.99378935e-05 8.78782392e-01 

25 1.21145941e-01 2.99314088e-05 8.78824115e-01 

 

Table 5: 5-10-network approximations of an alpha particle 

Approx. Alpha chance Beta Chance Gamma chance 

1 8.8978988e-01 5.4531891e-05 1.1015562e-01 

2 8.8978988e-01 5.4531891e-05 1.1015562e-01 

3 8.8978988e-01 5.4531891e-05 1.1015562e-01 

4 8.8978988e-01 5.4531891e-05 1.1015562e-01 

5 8.8978988e-01 5.4531891e-05 1.1015562e-01 

6 8.8978988e-01 5.4531891e-05 1.1015562e-01 
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7 8.8978988e-01 5.4531891e-05 1.1015562e-01 

8 8.8978988e-01 5.4531891e-05 1.1015562e-01 

9 8.8978988e-01 5.4531891e-05 1.1015562e-01 

10 8.8978988e-01 5.4531891e-05 1.1015562e-01 

11 8.8978988e-01 5.4531891e-05 1.1015562e-01 

12 8.8978988e-01 5.4531891e-05 1.1015562e-01 

13 8.8978988e-01 5.4531891e-05 1.1015562e-01 

14 1.5100916e-01 1.9368603e-05 8.4897143e-01 

15 1.5093522e-01 1.9362387e-05 8.4904546e-01 

16 1.5093522e-01 1.9362387e-05 8.4904546e-01 

17 1.5093526e-01 1.9362384e-05 8.4904534e-01 

18 1.5093522e-01 1.9362387e-05 8.4904546e-01 

19 1.5093526e-01 1.9362384e-05 8.4904534e-01 

20 1.5093522e-01 1.9362387e-05 8.4904546e-01 

21 1.5093526e-01 1.9362384e-05 8.4904534e-01 

22 1.5093522e-01 1.9362387e-05 8.4904546e-01 

23 1.5093526e-01 1.9362384e-05 8.4904534e-01 

24 1.5093522e-01 1.9362387e-05 8.4904546e-01 

25 1.5093526e-01 1.9362384e-05 8.4904534e-01 

 

Table 6: 10-5-network approximations of an alpha particle 

Approx. Alpha chance Beta Chance Gamma chance 

1 8.8968700e-01 2.0073403e-05 1.1029298e-01 

2 8.8968700e-01 2.0073403e-05 1.1029298e-01 

3 8.8968700e-01 2.0073403e-05 1.1029298e-01 

4 8.8968700e-01 2.0073403e-05 1.1029298e-01 

5 8.8968700e-01 2.0073403e-05 1.1029298e-01 

6 8.8968700e-01 2.0073403e-05 1.1029298e-01 

7 8.8968700e-01 2.0073403e-05 1.1029298e-01 

8 8.8968700e-01 2.0073403e-05 1.1029298e-01 

9 8.8968700e-01 2.0073403e-05 1.1029298e-01 

10 8.8968700e-01 2.0073403e-05 1.1029298e-01 

11 8.8968700e-01 2.0073403e-05 1.1029298e-01 

12 8.8968700e-01 2.0073403e-05 1.1029298e-01 

13 8.8968700e-01 2.0073403e-05 1.1029298e-01 

14 3.4590578e-01 3.9156362e-06 6.5409034e-01 

15 3.3369282e-01 3.6201959e-06 6.6630358e-01 

16 3.2929906e-01 3.4826514e-06 6.7069751e-01 

17 3.2412395e-01 3.3258132e-06 6.7587274e-01 

18 3.1559601e-01 3.0799642e-06 6.8440098e-01 

19 3.0012399e-01 2.6748717e-06 6.9987339e-01 

20 2.8220251e-01 2.2866348e-06 7.1779525e-01 

21 2.6169163e-01 2.0549953e-06 7.3830634e-01 

22 2.0859499e-01 2.0145508e-06 7.9140306e-01 
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23 1.2581125e-01 2.0733169e-06 8.7418669e-01 

24 6.7213818e-02 2.0666771e-06 9.3278414e-01 

25 3.1893134e-02 1.9915926e-06 9.6810484e-01 

 

Table 7: 1-10-network approximations of an alpha particle 

Approx. Alpha chance Beta Chance Gamma chance 

1 8.89204741e-01 1.65706137e-04 1.10629603e-01 

2 8.89204741e-01 1.65706137e-04 1.10629603e-01 

3 8.89204741e-01 1.65706137e-04 1.10629603e-01 

4 8.89204741e-01 1.65706137e-04 1.10629603e-01 

5 8.89204741e-01 1.65706137e-04 1.10629603e-01 

6 8.89204741e-01 1.65706137e-04 1.10629603e-01 

7 8.89204741e-01 1.65706137e-04 1.10629603e-01 

8 8.89204741e-01 1.65706137e-04 1.10629603e-01 

9 8.89204741e-01 1.65706137e-04 1.10629603e-01 

10 8.89204741e-01 1.65706137e-04 1.10629603e-01 

11 8.89204741e-01 1.65706137e-04 1.10629603e-01 

12 8.89204741e-01 1.65706137e-04 1.10629603e-01 

13 8.89204741e-01 1.65706137e-04 1.10629603e-01 

14 4.53374177e-01 1.14886025e-04 5.46510935e-01 

15 3.74866813e-01 1.08881693e-04 6.25024319e-01 

16 3.32682490e-01 1.06659645e-04 6.67210877e-01 

17 3.02629411e-01 1.05698331e-04 6.97264910e-01 

18 2.77265042e-01 1.05421597e-04 7.22629607e-01 

19 2.52983630e-01 1.05750572e-04 7.46910572e-01 

20 2.27144003e-01 1.06937354e-04 7.72749126e-01 

21 1.96912557e-01 1.09832865e-04 8.02977681e-01 

22 1.58533007e-01 1.17084339e-04 9.88388777e-01 

23 1.07829064e-01 1.38024974e-04 9.51104224e-01 

24 4.86995839e-02 1.96240449e-04 8.92032921e-01 

25 1.14437817e-02 1.67355189e-04 8.41349959e-01 
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7.2 Appendix 2. Approximations for a beta and gamma particle 

Table 1. Sequence from an alpha particle with 0-padding 

Sample Column Row Energy ToA 

1 206 194 3 0 

2 204 197 2 15 

3 205 194 18 18 

4 207 196 33 2 

5 204 196 58 18 

6 207 195 5 1 

7 204 195 20 16 

8 206 197 45 2 

9 205 197 72 18 

10 206 195 208 2 

11 205 195 326 18 

12 206 196 480 1 

13 205 196 639 18 

14 0 0 0 0 

15 0 0 0 0 

16 0 0 0 0 

17 0 0 0 0 

18 0 0 0 0 

19 0 0 0 0 

20 0 0 0 0 

21 0 0 0 0 

22 0 0 0 0 

23 0 0 0 0 

24 0 0 0 0 

25 0 0 0 0 
 

Table 2. Approximations for an alpha particle from a 1-1-network 

Approx. Alpha chance Beta chance Gamma chance 

1 8.4160137e-01 1.0174828e-03 1.5738107e-01 

2 8.4160137e-01 1.0174828e-03 1.5738107e-01 

3 8.4160137e-01 1.0174828e-03 1.5738107e-01 

4 8.4160137e-01 1.0174828e-03 1.5738107e-01 

5 8.4160137e-01 1.0174828e-03 1.5738107e-01 

6 8.4160137e-01 1.0174828e-03 1.5738107e-01 

7 8.4160137e-01 1.0174828e-03 1.5738107e-01 

8 8.4160137e-01 1.0174828e-03 1.5738107e-01 

9 8.4160137e-01 1.0174828e-03 1.5738107e-01 
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10 8.4160137e-01 1.0174828e-03 1.5738107e-01 

11 8.4160137e-01 1.0174828e-03 1.5738107e-01 

12 8.4160137e-01 1.0174828e-03 1.5738107e-01 

13 8.4160137e-01 1.0174828e-03 1.5738107e-01 

14 6.6033387e-01 1.3004183e-03 3.3836567e-01 

15 5.3886473e-01 1.3582703e-03 4.5977703e-01 

16 4.5405957e-01 1.3495936e-03 5.4459083e-01 

17 3.9031389e-01 1.3169978e-03 6.0836911e-01 

18 3.3926618e-01 1.2738780e-03 6.5945989e-01 

19 2.9627368e-01 1.2247731e-03 7.0250160e-01 

20 2.5860700e-01 1.1710654e-03 7.4022192e-01 

21 2.2459410e-01 1.1128639e-03 7.7429295e-01 

22 1.9320515e-01 1.0497322e-03 8.0574518e-01 

23 1.6385140e-01 9.8104915e-04 8.3516753e-01 

24 1.3629465e-01 9.0629695e-04 8.6279905e-01 

25 1.1060844e-01 8.2539796e-04 8.8856614e-01 

 

Table 3: the sequence for a beta particle. 

Sample Column Row Energy  ToA 

1 147 161 24 29 

2 149 162 28 0 

3 129 177 32 20 

4 152 163 31 20 

5 127 177 48 29 

6 150 163 60 0 

7 127 175 44 2 

8 145 161 19 27 

9 147 162 26 0 

10 149 163 40 1 

11 128 177 55 26 

12 151 163 70 29 

13 127 176 92 1 

14 127 175 60 2 

15 146 161 59 2 

16 148 162 43 2 

17 0 0 0 0 

18 0 0 0 0 

19 0 0 0 0 

20 0 0 0 0 

21 0 0 0 0 

22 0 0 0 0 

23 0 0 0 0 

24 0 0 0 0 

25 0 0 0 0 
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Table 4: Approximations from a 1-1-network for the beta particle featured in table 1. 

Approx. Alpha chance Beta Chance Gamma chance 

1 8.3417177e-01 2.4847683e-04 1.6557977e-01 

2 8.3417177e-01 2.4847683e-04 1.6557977e-01 

3 8.3417177e-01 2.4847683e-04 1.6557977e-01 

4 8.3417177e-01 2.4847683e-04 1.6557977e-01 

5 8.3417177e-01 2.4847683e-04 1.6557977e-01 

6 8.3417177e-01 2.4847683e-04 1.6557977e-01 

7 8.3417177e-01 2.4847683e-04 1.6557977e-01 

8 8.3417177e-01 2.4847683e-04 1.6557977e-01 

9 8.3417177e-01 2.4847683e-04 1.6557977e-01 

10 8.3417177e-01 2.4847683e-04 1.6557977e-01 

11 8.3417177e-01 2.4847683e-04 1.6557977e-01 

12 8.3417177e-01 2.4847683e-04 1.6557977e-01 

13 8.3417177e-01 2.4847683e-04 1.6557977e-01 

14 8.3417177e-01 2.4847683e-04 1.6557977e-01 

15 8.3417177e-01 2.4847683e-04 1.6557977e-01 

16 8.3417177e-01 2.4847683e-04 1.6557977e-01 

17 6.2412947e-01 3.6276653e-04 3.7550771e-01 

18 4.8422679e-01 3.9695678e-04 5.1537627e-01 

19 3.8831055e-01 4.0304154e-04 6.1128640e-01 

20 3.1719136e-01 3.9744095e-04 6.8241119e-01 

21 2.6072639e-01 3.8572436e-04 7.3888785e-01 

22 2.1345809e-01 3.6984036e-04 7.8617209e-01 

23 1.7235222e-01 3.5032330e-04 8.2729739e-01 

24 1.3576974e-01 3.2707921e-04 8.6390316e-01 

25 1.0301172e-01 2.9976308e-04 8.9668852e-01 

 

Table 5: Sequence for a gamma particle 

Sample Column Row Energy  ToA 

1 157 120 7 12 

2 156 120 13 0 

3 0 0 0 0 

4 0 0 0 0 

5 0 0 0 0 

6 0 0 0 0 

7 0 0 0 0 

8 0 0 0 0 

9 0 0 0 0 

10 0 0 0 0 

11 0 0 0 0 
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12 0 0 0 0 

13 0 0 0 0 

14 0 0 0 0 

15 0 0 0 0 

16 0 0 0 0 

17 0 0 0 0 

18 0 0 0 0 

19 0 0 0 0 

20 0 0 0 0 

21 0 0 0 0 

22 0 0 0 0 

23 0 0 0 0 

24 0 0 0 0 

25 0 0 0 0 

 

Table 6: Approximations from a 1-1-network for a gamma particle. 

Approx. Alpha chance Beta Chance Gamma chance 

1 8.3417177e-01 2.4847683e-04 1.6557977e-01 

2 8.3417177e-01 2.4847683e-04 1.6557977e-01 

3 6.2412947e-01 3.6276653e-04 3.7550771e-01 

4 4.8422679e-01 3.9695678e-04 5.1537627e-01 

5 3.8831055e-01 4.0304154e-04 6.1128640e-01 

6 3.1719136e-01 3.9744095e-04 6.8241119e-01 

7 2.6072639e-01 3.8572436e-04 7.3888785e-01 

8 2.1345809e-01 3.6984036e-04 7.8617209e-01 

9 1.7235222e-01 3.5032330e-04 8.2729739e-01 

10 1.3576974e-01 3.2707921e-04 8.6390316e-01 

11 1.0301172e-01 2.9976308e-04 8.9668852e-01 

12 7.4118324e-02 2.6810908e-04 9.2561358e-01 

13 4.9707051e-02 2.3239474e-04 9.5006055e-01 

14 3.0643230e-02 1.9408899e-04 9.6916270e-01 

15 1.7418159e-02 1.5635895e-04 9.8242551e-01 

16 9.5133390e-03 1.2356832e-04 9.9036306e-01 

17 5.4391501e-03 9.9210272e-05 9.9446160e-01 

18 3.5488100e-03 8.3831030e-05 9.9636734e-01 

19 2.7098923e-03 7.5354154e-05 9.9721473e-01 

20 2.3391373e-03 7.1093273e-05 9.9758983e-01 

21 2.1739241e-03 6.9061862e-05 9.9775702e-01 

22 2.0997489e-03 6.8119210e-05 9.9783212e-01 

23 2.0662989e-03 6.7687513e-05 9.9786609e-01 

24 2.0511800e-03 6.7491048e-05 9.9788135e-01 

25 2.0443406e-03 6.7401852e-05 9.9788827e-01 
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7.3 Appendix 3. Provided and written code 

Python code for sorting and preprocessing data for alpha particles. 

https://pastebin.com/vJk8grkj 

Python code for sorting and preprocessing data for beta particles. 

https://pastebin.com/y8EhpkUR  

Python code for sorting and preprocessing data for gamma particles. 

https://pastebin.com/Ecjugza8 

Python code for building and training the network as well as creating feature and 

label vectors. 

https://pastebin.com/J2NfY4sX  

 

API provided by Till Dreier. 

https://pastebin.com/mLqFqVdh  

 

https://pastebin.com/vJk8grkj
https://pastebin.com/y8EhpkUR
https://pastebin.com/Ecjugza8
https://pastebin.com/J2NfY4sX
https://pastebin.com/mLqFqVdh

