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(DRS waveform data+trigger time)

(SPR for Cherenkov)

Overview of the Dataset
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Github Link: 
https://github.com/ledovsk/Calvision_DESY_SDL/tree/main

 Our Preliminary Dataset for ML:
Sample 1, Sample 2, ..., Sample 1024 C S

Event1 *** *** ***

... *** *** ***

Event N *** *** ***

1. Workflow of the SDL (Single Delay Line) Method

Finally Extract the S and C Value

https://github.com/ledovsk/Calvision_DESY_SDL/tree/main


Liangyu Wu,  Kenny Jia,  Julia Gonski 32/3/2025

Note:

15 events with abnormal trigger times

2. Remove some outlier data

Overview of the Dataset

 Some plots to get a sense:

 Some low-signal events and events with abnormal trigger times 
need to be noted.
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3. The Total Dataset Size

Overview of the Dataset

29799 = 32501 - 15 - 2687

Total number of events 
in channel 3 of run 200 data

Number of events
with abnormal signal triggers

Number of events with almost no signal, 
determined by the condition: C + S < 2
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4. Reducing the Size of Input Data

Overview of the Dataset

1024 data points 
sampled at 1ns intervals

52 data points 
sampled at 20ns intervals

 This can reduce the number of parameters in the ML model by 
approximately 92%.

 The Final Dataset for ML:

Sample 1, Sample 2, ..., Sample 52 C S

Event1 *** *** ***

... *** *** ***

Event 
29799 *** *** ***



Machine Learning Model
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1. Basic Information About the Model

 Model Architecture:

 Training Process:

 Data Preprocessing:

 Current Params: 

 Input: A vector of 52 waveform data points.
 Hidden Layers:
      Fully connected Dense layers with ReLU activation.
      Neurons: 32+16+8
 Output: 2 neurons(representing the predicted values of S and C), with ReLU activation.

 Dataset Split: 70% for training + 20% for validation + 10% for test.
 Loss Function: Mean Squared Error
 Optimizer: Adam

 StandardScaler() was applied to the input data
 MinMaxScaler() was applied to the output data (C&S separately) to ensure that both are scaled 

to the same range.



Machine Learning Model
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2. Inspection and Comparison of Loss Curves

 The loss curve shows rapid convergence, as 
validation loss closely follows training loss.

 The model generalizes well, with only slight 
fluctuations in validation loss.

 The loss curves before and after input data size 
compression both converge to stable values, and 
these stable values are nearly identical.



Machine Learning Model
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3. Distribution of Scintillation&Cherenkov value (using 20ns dataset)

 The distributions of True and Pred value are very similar.
 The peak at low values suggests some weak-signal events remain or are inherently present, which needs to 

be further checked.



Machine Learning Model
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4. Distribution of the Relative&Absolute Error

 Left: The distributions show that most predictions are centered around zero, indicating good overall accuracy. 
A few events have a relative error exceeding 100%, with the number of such events being 0 for S (0.00%), 
16 for C (0.44%). 

 Right: The distribution of absolute errors looks very ideal though.

Note: 
Relative Error = np.where(true != 0, (pred - true) / true, 0)
Absolute Error = pred - true



Machine Learning Model
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5. Relative error comparisons

The relative error difference between models trained by 20ns and 1ns dataset

 From the comparison of the two plots, it is evident that compressing the input data size has a greater impact 
on the prediction accuracy of C than on S. (But note that the absolute value of S is normally larger than C.)



Exploration of Different Model Architectures
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1. Loss Curves for Different Hidden Layer Structures

Structure Total 
Params

Trainable 
Params

Non-
trainable 
Params

32-16-8 2602 2490 112

32-8 2138 2058 80

16-8 1098 1050 48

10-8 708 672 36

10-6 674 642 32

8-6 548 520 28

 The differences in the loss curve when using hidden 
layers with different structures do not seem significant.



Exploration of Different Model Architectures
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2. About 2 Hidden Layer Structures (Taking 10-8 as an example)

10-8

 The ratio of predicted values to true values fluctuates around 1 in both plots.



Exploration of Different Model Architectures
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3. Analysis of the Relative Prediction Error for the 10-8 Architecture (run 1000 times)

10-8
 The mean_C/S here is the mean value of the 

histograms for the relative error of C/S, the same for 
std.

 Since some true value of C/S is too small, which may 
bring an extremely huge relative error, in these 
histograms, I set: 

relativeerr=np.where(true >= 0.1, (pred - true) / true, 10)



Exploration of Different Model Architectures
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4. Overview of the Relative Errors for Different Architectures (run 1000 times)

Only count when C/S>=1relative_error = np.where(true >= 0.1, (pred - true) / true, 10)

 It seems that our model consistently underestimates the values of C/S, especially for S. 



On the wierd peak near “0”
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10-8 10-8

1. A Preliminary Check



On the wierd peak near “0”
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1. A Preliminary Check

Sample 45:
True S = 28.9948      
Pred S = 1.111036e-11
True C = 1.8615
Pred C = 5.204170e-15

Normal Waveform Plot  Are the true values 
provided by SDL 
reliable for these 
waveform data?



On the wierd peak near “0”
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2. Modifying the Dataset
 Original Total Dataset Size:

24598 = 32501 - 15 - 2687 - 5201

Total number of events 
in channel 3 of run 200 data

Number of events with abnormal signal triggers

Number of events with 
almost no signal, 
determined by the 
condition: C + S < 2

29799 = 32501 - 15 - 2687

 New Total Dataset Size:

Number of events with 
low signal, determined 
by the condition: 
C>=10 & S>=10



On the wierd peak near “0”
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3. Presentation of New Prediction Results (for 32-16-8)

Dataset After Removing Low-signal EventsOriginal Dataset 

 The results produced by the model trained on the new dataset appear to be more stable and improved.



On the wierd peak near “0”
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4. Impact on Models with Different Architectures

 The model trained on the new dataset clearly 
exhibits smaller relative errors.

 However, whether this improved accuracy 
can be maintained when predicting low-value 
signals remains a question.



On the wierd peak near “0”
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5. Evaluation of Prediction Performance on Low-Signal Events

 Create a test set that includes only the data where C < 10 or S < 10:

Model Trained on the Dataset with C & S ≥ 10 Model Trained on the Full Dataset



Constructing a Synthetic Waveform
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1. Evaluation of Prediction Performance on Low-Signal Events

Original data of event0 
channel3



Resource Report
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 The 32-16-8 model:



Resource Report
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 The 10-8 model:



home.cern

Thank you !



Liangyu Wu,  Kenny Jia,  Julia Gonski 252/3/2025

Backups



Try to extract some data from “outfile_LG.root”
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Note:

Event 0 Event 1 Event 3

CH0 (21.35±1.96, 9.2%
2005.27±48.13 2.4%)

(0.58±0.96,
0.15±963.30)

(14.93±1.44,
1201.10±36.12)

CH1 (40.85±2.22, 5.4%
2725.51±55.79 2.0%)

(1.63e-5±4.75,
0.49±234.02)

(23.17±1.93,
1823.87±50.66)

CH2 (22.49±1.84, 8.2%
1845.23±45.39 2.5%)

(8.11e-8±2.44274,
1.82e-5±96.25)

(12.27±1.83,
1107.07±43.9472)

CH3 (63.17±3.59, 5.7%
4469.01±89.50 2.0%)

(0.81±0.95,
3.90e-5±176.82)

(47.05±3.22,
3576.87±82.47)

CH4 (14.89±0.96, 6.4%
66.23±26.44 39.9%)

(0.38± 0.91,
2.52±69.94)

(9.94±1.13,
55.21±31.13)

CH7 (85.18±1.52, 1.8%
62.48±40.96 65.6%)

(1.31e-6±5.57,
4.26±39.81)

(16.94±1.04,
47.86±27.97)

• Some raw data:

(Nc x A1pe, Ns x A1pe)



Some Fitting Plots (SDL waveforms) 
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Event 1 
Channel 0 

Event 3
Channel 0



Check of Trigger Time
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About the “bad” events

Event 2137 Event 6832 Event 7073

 These events have very small trigger times because the threshold is set as 0.5 times the voltage 
difference between the 0-100 ns and 400-1000 ns signal regions, beyond the 0-100 ns range.

 These events cannot be used for ML analysis, but we may need to understand what happened to their 
triggers.



Check of Trigger Time
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About the “good” events

 The left graph shows that the trigger time distribution is not very Gaussian but strictly within 145-165 ns.

 The right graph suggests the trigger time doesn’t match the desired exclusion point. Maybe the 
electronics are configured to save the waveform for a specific time before the trigger.

Event 1000



Check of Trigger Time
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About the “good” events

Event 1000

Locally magnified channel waveform：

Take a guessing_num

Guessing_num=80

("bad" events are already excluded)

 Excluding data points before 80 ns seems feasible. However, this 
portion of data is not significant compared to the total dataset.



Constructing a Synthetic Waveform
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1. Evaluation of Prediction Performance on Low-Signal Events



Normalization of the C/S values
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 The Current Data Preprocessing:

 In the DRO simulations:

 StandardScaler() to the input data
 MinMaxScaler() to the output data (C&S separately)

 Calibration Procedure: 
      The total numbers of C or S photons for a given incoming particle were divided by the average number of photons obtained for 
single electrons with the same energy.


