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Abstract. Using the simulation data of different calorimeters, we investigate the use of machine
learning and python algorithms for the simulation and reconstruction of particle flow energy in
high-energy physics. We train models based on simulated pixel value image instead of common
numerical data. We define two models that use different Regressor algorithms. Multi-layer
Perceptron (MLP) Regressor offer stable and accurate prediction under less affection situation.
Convolutional Neutral Networks (CNN) Regressor provided better and stronger modeling and
reconstruction ability; however, it could cause overfitting results in certain situations.
Furthermore, we optimize our models with the use of PyTorch. These models can serve as fast
method for particle flow reconstruction in future studies and experiments.

Keywords: Machine Learning, Particle Flow Reconstruction, Convolutional Neutral Networks
(CNN), Multi-layer Perceptron(MLP).

1. Introduction

One of the most important techniques in particle physics is particle flow reconstruction, a method
indispensable for detecting and reconstructing particles produced in collision events at high-energy
colliders. Critical physical variables, including particle varieties, energy, and momentum, are essential
for experimental analysis and theoretical model confirmation. This technique is helpful for collecting
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these data. The method's precision in measuring these values drives developments in our knowledge of
elementary particles and the search for fresh physical events, while also improving the trustworthiness
of data collected from experiments. Particle flow reconstruction technique serves for more than only
gathering data. It provides an important contribution to detector optimization of designs, particularly in
the area of developing precise imaging calorimeters, which are vital components of current particle
detectors [1,2]. Due to their great spatial precision, these detectors enable more accurate measurements,
which enhances the overall accuracy of particle physics studies. High-resolution imaging calorimeters
are necessary for obtaining the best measurements of hadron jet mass and energy [3,4]. The combination
of a high-resolution imaging calorimeter system with a tracking system is instrumental in achieving the
most accurate measurements possible, which in turn supports the importance of Particle flow
reconstruction technology [5]. Particle flow reconstruction technology has a role on prior study for
newly particle collider projects, including the Circular Electron Positron Collider (CEPC) project and
the Super Tau-Charm Facility (STCF) [6,7]. With the aid of more precise physical measurements and
analyses, these research projects bring out new opportunities. Particle flow reconstruction also been used
to discover new physics beyond the boundaries of the Standard Model [8]. This technology provides
advanced features that are important for the success of projects such as previously brought up [9,10].
For instance, the ability to accurately reconstruct particle orientations and measure their energy
distributions is an essential feature for investigating the fundamental interactions that govern the
behavior of subatomic particles.

The design of circular detecting layers is an example of the advanced technology used in particle
flow event reconstruction and can be found in current general-purpose detectors in high-energy colliders
[11,12]. These detectors include several layers that are arranged to perform various functions during the
detection and measurement operations. The tracker (trkN/P), which is at the center of this arrangement,
is in charge of retracing the tracks—trajectories of charged particles—as well as their vertices, or origins,
from signals found in the responsive layers [13,14]. The tracker functions in a magnetic field that twists
charged particles' trajectories to enable accurate detection of their electric charges and momentum. The
accurate reconstruction of particle flow depends on the capacity to track and measure charged particles
since it provides the data necessary to identify various particle kinds and additionally evaluate their
physical characteristics [15]. Various particles enter the electromagnetic calorimeter (EMCal) before
passing through the tracker. There, photons and electrons are absorbed and later recognized as energy
clusters. These clusters, which are detected in nearby cells, offer fundamental information about the
particle's energy. When high-energy particles like electrons and photons meet the material inside the
calorimeter, a phenomenon known as electromagnetic shower occurs. This is why the EMCal is so
significant [16,15]. Reconstructing the energy distribution of the involved particles depends on the
precise measurement of these showers, which enhances the general precision of the particle flow
reconstruction procedure [17,18]. Charged and neutral hadrons can cause a hadronic shower in the
EMCal that is then completely absorbed in the hadron calorimeter (HCal) [19,20]. The resulting clusters
in the HCal are used to estimate the energies and directions of the hadrons, further refining the
reconstructed particle flow data [21].

The objective of our project is to boost algorithmic particle flow reconstruction's abilities via machine
learning. In particular, our goal is to train an algorithm that, given data from several sub-detectors such
as the EMCal, HCal, and tracker (trkN/P), can precisely reconstruct the true energy distribution image
of particle flow. The use of machine learning in this situation is an important advance for particle physics
given that it makes it possible to automatically analyze huge and complex datasets, which can result in
reconstructions of particle flow that become more precise and effective [22,23]. In order to find the most
effective approach for reconstructing the energy distribution, we evaluate and compare various machine
learning models, such as convolutional neural networks (CNNs) and multilayer perceptrons (MLPs).
Through analysis additional data then creating comparison graphs, we try to determine which model
delivers the most reliable and accurate results possessing with the relative low mean squared error
(MSE).
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2. Model Building and Prediction

2.1. Overview

EMCal, HCal, and tracking detectors are three features we consider in our simulation and prediction.
The EMCal measures the energy of electromagnetic particles such as electrons and photons [24]. The
HCal detects hadronic particles, such as neutrons and protons, products of strong interactions [25,5].
Tracker detector can track the trajectories of charged particles and provide crucial information about
their momenta [6]. They are often based on silicon or gas detectors and offer excellent spatial resolution
and particle identification capabilities. The precision tracking allows for the reconstruction of particle
trajectories and the identification of decay vertices.

2.2. MLPRegressor

In this section, we trained a MLPRegressor and tried to use it to predict truth image. MLP is a fully
connected and feed-forward neural network, which is composed of multiple layers of interconnected
nodes [27]. MLPRegressor optimizes the squared error using LBFGS or stochastic gradient descent [28].
Whole MLPRegressor can be divided into three parts: data importing part, training and testing part, and
result returning part. We train this Regressor to predict truth images under without noise condition and
with noise condition.

2.2.1. Data importing

In this section, we the initial retrieval and preparation of data from various sources for subsequent
analysis or processing. We use libraries os for file management tasks, io.imread for reading image files,
and transform.resize is used for standardized the shape of image to 56x56 to ensure consistency again.
The resulting arrays are then compiled into lists and ultimately converted into NumPy arrays, which
made it easier for the MLPRegressor to be trained and tested.

To test whether the data had been successfully imported and flattened, we randomly choose one
group of images to draw vs. truth scatter plots. We can approximately predict the shape and angle of the
scatter plots. In idea condition, the truth vs. tracker plot should be a 45-degree angle shape formed by
some particles that cannot be detected by tracker and some particles can be fully measured by tracker,
because tracker layer will not take away any energy and can only detected charged particles. Because
of energy lost during pass through HCal and EMCal detector, the angle shape will not be 45-degree
anymore [24]. We believe the angle will be smaller in HCal vs. truth plot and EMCal vs. truth plot. If
the scatter plots drawn are similar to the prediction, then data had been successfully imported and
flattened.

2.2.2. Training and Testing

Before training and testing the model, we have performed further data processing to refine our analysis
and enhance the model's predictive capabilities. We concatenate feature datasets from various
detectors—Electromagnetic Calorimeter (EMCal), Hadronic Calorimeter (HCal), and tracker—into
feature matrix X. This step ensures that the model takes into account information from multiple detectors.
For simplify, truth value will be called y in the following text. Next, we divided X and y into train and
test two groups by forty and sixty. Then, we create an instance of the MLPRegressor class. The model
is trained using the fit method with the feature matrix X_train and y_train. And we test the model by the
predict method which make predictions base on X_test, and return predicted results truth_pred.

2.2.3. Result Returning

In this section, we do further calculation and visualization to predicted results and return some data and
images. First result returned is Mean Squared Error (MSE) between the truth_pred values and y_test
values which is the true value corresponding to the truth_pred values. The MSE is calculated as the
average of the squares of the differences between the estimated values and the actual value,
mathematically expressed as:

43



Proceedings of the 2nd International Conference on Applied Physics and Mathematical Modeling
DOI: 10.54254/2753-8818/53/20240179

n
MSE = %Z(Yi -7
i=1

Where n is the number of samples, Yi is the i-th observed value, and Y;is the i-th predicted value. In
the program, we use the mean_squared_error inside sklearn.metrics to calculate.

The second return result is a scatter plot of truth_pred value and y_test values. This visualize the
predictions against the true values, which is a useful way to examine the relationship and dispersion
between predicted and actual data points. Ideally, the dots should scatter around the line f(x)=x. If the
dots are more concentrated above the line, then prediction values are larger than truth value; if the dots
in the lower left corner of the plot are flaky or far away from the diagonal, the prediction values are less
accurate for the low energy level. Vice versa.

The program also returns three gray pixel images, which are the predicted truth image, truth image,
and different between prediction and truth image of the first value in the test group.

Last plot returned is the histogram of differences between prediction truth value and truth value. The
standard deviation of them had also been shown in this plot.

2.3. CNNRegressor

We transitioned from relying on a Multi-Layer Perceptron (MLP) built with “scikit-learn” to a more
robust Convolutional Neural Network (CNN) architecture implemented with PyTorch during the second
phase of our research. This modification was implemented with the aim to maximize the advantage of
CNNs’ benefits for image processing applications, particularly their capacity to automatically and
adaptively learn spatial feature hierarchies—a capability that is essential for jobs involving the
reconstruction of images from incomplete observations. Convolutional layers in CNN algorithms are
efficient at detecting the temporal and spatial relationships within an image via the use of pertinent filters,
which makes them a good choice for image-based applications [29] We expanded the total amount of
groups in our dataset from 1,000 to 10,000, and for each group, we inserted a truth TIFF file and four
sub-images (also formatted as TIFF files). Via rendering an increased number of training samples, this
enlargement demonstrated the significance for enhancing the model’s predictive accuracy and ability
for adaptation. Sub-images consisted of The Electro Magnetic Calorimeter (EMCal), the Hadron
Calorimeter (HCal), Trackers N and P were included in each group along with the matching truth images.
We implemented a sampling approach that allowed us to efficiently handle tremendous amounts of
photos. We assured that the 1,000 randomly selected images for each set of sub-images and the matching
truth image were indicative of the total energy distribution. This sampling method vastly aided the
reduction of computational load while preserving the essential characteristics of the data [30].

Two convolutional layers followed by two fully connected layers made up our CNN model design.
The neural network was capable of extracting spatial connections and gradually extract higher-level
characteristics from the input images, which have surely made a significant difference. Here are the
specifics of the construction: Using 3x3 kernels, the first convolutional layer (Convl) transformed the
4-channel input into 16 feature maps. A second set of 3x3 kernels was then used by Conv2 to further
refine these16 feature maps into 32 feature maps. After these layers, we added a fully connected layer
(FC1), which merges 1,000 neurons and flattens the feature maps. The final prediction is ultimately
generated by a second fully connected layer (FC2), which resizes it to the original image size. This
architectural design ensured that the model could effectively learn and reconstruct the spatial features
present in the input images [31]. During the training process, the CNN neural network was provided
with sampled images, and the model had been optimized with Mean Squared Error (MSE) acting as the
loss function. To guarantee convergence, we employed the ”Adam optimizer” with a learning rate of
0.01 to 0.001 then executed the training process across 70-1,000 epochs. Due to its adaptive learning
rate capabilities, which customize the learning rate for every parameter and improve the model’s
capacity for rapid and efficient convergence, the Adam optimizer is very helpful in this situation [32].
We were able to effectively manage computational resources while still giving the model an extensive
selection of representative training data by training the CNN on sampled images. We evaluated the

44



Proceedings of the 2nd International Conference on Applied Physics and Mathematical Modeling
DOI: 10.54254/2753-8818/53/20240179

difference amongst the true and predicted-true images via acquiring their MSE to determine the model’s
performance. The mean squared error (MSE), a simple method for estimating the average squared
differences between the predicted and actual pixel values, can be applied when assessing how well the
model is reconstructing the images [33]. Besides from a mathematical evaluation, we also employed
scatter plots and histograms for displaying the data.

We adapted a constant kb-field value of 0.5 during our conducted experiments. If the magnetic field
intensity rises above the standard value of 0.5, noise levels may increase as indicated by the ”’kb-field”.
We were able to minimize noise and guarantee consistent performance by keeping it at 0.5. Via keeping
a clear separation between learning from the training data and expanding to new data, the ’kb-field” was
appropriately calibrated, which assisted in preventing overfitting. Constructing an effective and
trustworthy neural model that is capable of managing complex images and reconstruction tasks require
an intensive review and process of improvement [34].

This model’s advantages and areas that has potential of improvement could be spotted then identified
via graphical illustration of its performance. Thus, we incorporated a detailed analysis and examination
of scatter plot and histograms; we then recognize trends and possible connections in order to decide
what adjustments to the neural model might be necessary.

3. Test Results and Discussions

3.1. Testing Data Transfer To The Model

Firstly, in order to test whether our data is correctly transferred to the model, a scatter plot is used to
draw the relationship between the data detected by each detector and the true value, as long as it presents
a plot with a very clear relation as shown in Fig.1,it proves that the data is transferred correctly.

(a) 7]

a 3 8
Truth

Figure 1. Scatter plot of (a) Tracker-Truth,(b) HCal-Truth,(c) EMcal-Truth.
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We drew scatter plots for each set of data to check whether the input is correct or not, that is, tracker-
truth, EMcal-truth, HCal-truth plots. According to Fig.1,the shape of plots(b) and (c) are not perfect 45
degree [5]opening is because every layer of the detectors collect different kind of energy and have
energy loss. The energy size is lost or even some may not be detected, but as long as the final scatter
plot is a clear opening, it can prove that the data input is correct.

3.2. Pixel value plots
As shown in the Fig.2,the purpose is to show the difference between our predicted data and the data

detected by the real detector.
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Figure 2. Pixel value plot of (a)1000 sets without noise ,(b)1000 sets with noise and of the same scale
but lower linearity ,(c)100 sets with noise ,(d)1000 sets of original data.

As seen in (d),which is the first plot that use the original data from the database and without noise
from the detector. The value of difference is around 1. According to (c),the second set of predictions
adds the effect of detector noise and the number of predictions remains the same. The colour are clearly
lighter compared to the first set of data, proving that our predictions are indeed worse. The third set of
data, which is (a),is also added with noise only with more data added. There is not much difference
between this data set and the second one. The fourth set of data (b) used is same scale but lower linearity .
In order to see if our predictive model would be significantly affected if other influences were changed,
we changed its linearity, and the results were not very different from the last group, proving that the
model does work well.
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3.3. Histogram
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Figure 3. Histogram of four sets of data.
As shown in Fig.3,all four sets of plots show similar distributions, which means the predictive model
can handle all the data and the results are close to the true value.
Considering that the previous model was made with particles without deflection angles, (as the
particles undergo some deflection of the trajectory every time they pass through a layer of sensors,

instead of a straight line), and also that we thought that the model could be optimized even more, CNN
was used rather than MLP.

3.4. Pixel value plot after using CNN

Figure 4. Pixel value plot using CNN
As shown in Fig.4, after we adopt CNN, in order to shorten the running time of the programme, we

reduce the quality of the image to 9 by 9, and finally run out of the result. The difference value of the
run-out programme is significantly reduced to nearly 0.00015.So clearly CNN can run a closer value.
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3.5. Final linear result

10 1

Prediction

0 2 4 6 8 10
Truth
Figure 5. Scatter plot of Prediction-Truth

Fig.5 shows the predicted and true scatter-plot after adjusted the KB Field and increased it to 50,000
sets of data, presenting a very perfect linear relationship.

After considering the deflection angle, the transaction is implementing CNN as the new algorithm,
this is because the deflection angle which is caused by charged particles is considered.

The aim to draw an overall scatter plot of predicted and truth value. However, after taking deflection
angle into consideration, the number of trackers extended from one tracker to two trackers, named
tracker positive and tracker negative, respectively. Based on this nuanced difference, adding a parameter
named KB field to stimulate charged particles showing deflection when entering magnetic field, and
this parameter is set as 0.5. Since MLP showed low efficiency in analyzing with a large database, CNN
and Pytorch are adapted to progress more detailed and complicated data set.

After implementing CNN models, the MSE decreased significantly to 0.0025. Furthermore, we
carried on nuanced adjustments on CNN to generate the overall scatter plot, and the final outcome is a
scatter plot with MSE of 0.000012, which shows the algorithm functions correctly.

4. Conclusion
Based on the results and discussions presented above, the conclusions are obtained as below:

(1) Our main tool is MLP Regressor and CNN. In stage one, we import data through libraries to
adjust arrays and generate 56*56 image for MLP Regressor to read. In order to optimize outcome, we
randomly choose one set of images and plot a predict vs truth image. All points scatters around line
f(x)=x, and form a linear shape, which indicates the algorithm is functioning well. This result is achieved
by testing the MLP Regressor.

(2) After adding deflection angle to consideration, a transaction was made from MLP Regressor,
mostly built by Sci-kit learn, to CNN, which was implemented by PyTorch. We considered this
transaction due to the advantage possessed by CNN in image processing and reconstruction, which was
crucial for uncompleted observation. The model calculates MSE and was optimized to reduce MSE to
achieve more stabilized outcomes. We adopted histograms to show different MSE in different
backgrounds such as with and without noise, and in different numbers of datasets. The MSE histogram
showed little variance, which proofs our algorithms to function well.

(3) Considering that the pathways of charged particles may deflect when entering a magnetic field,
we added a parameter KB field=0.5 after considering deflection angle. After training and predicting, we
again generate a scatter plot with MSE. After implementing CNN, convolution Layers are used instead
of fully connected layers in MLP. Convolution layers are connected locally, which means the neurons

48



Proceedings of the 2nd International Conference on Applied Physics and Mathematical Modeling
DOI: 10.54254/2753-8818/53/20240179

are not fully connected between two continuous layers, while layers in MLP are connected fully. This
trait of CNN allowed the features of data set to be preserved better than MLP. Additionally, this could
advance the calculating efficiency by lowering down the complexity of calculation.

(4)After re-checking and adjusting our graphical outcomes, we resulted with clear correlations
between predicted value and truth value, which indicates the correctness of the algorithm. However, the
algorithm may need to consider more factors, such as uncertainty from the experiments. Moreover, we
will explore more efficient means of algorithms. Future adjustments will be carried on to ensure the
model can function in more complex context.
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