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Introduction – Workflow and 
Dataset Explaination
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Workflow: Emulsion Setup
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Simulated O₂ Particle Interactions with a C₂H₄ Target in Nuclear Emulsion



Angular scattering and range variables
K I N K  — i n t e g r a t e d  a n g u l a r  d e v i a t i o n

max_kink

Angle between first and last basetrack [rad]. 
Measures the scattering accumulated over the entire 
track. Sensitive to total MCS (∝ 1/p).

onethird_kink

Deviation from the 1st BT to the BT at 1/3 of the 
track. Captures the scattering in the first portion.

lastthird_kink

Deviation from the 1st BT to the BT at 2/3 of the track. 
The difference (lastthird − onethird) describes the 
scattering in the central segment.

Additional variables could be added

M A S S  R A N G E

range_massico

Integrated mass thickness [g/cm²] traversed by the track along the entire detector.
Computed as:  Σₛ linear_range(s) × ρ_eff(s)
ρ_eff weights emulsion + absorber by relative thickness.

S1
C

S2
Emu

S3
Lex

S4
W

S5
W

S6
Pb

S7
Pb

p →

ρ_eff different for each section

Workflow: Dataset Variables
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A N G U L A R  R M S  P E R  S E C T I O N   ( S 1  →  S 7 )

RMS_angle_Sn

RMS of tan(θ) of the BTs in section n.
Measures the 3D angular dispersion.
→ √( Σ θᵢ² / N )

RMS_SX_Sn

RMS of the X projection: tan(θ_X).
Separates X and Y to detect asymmetries or 
directional systematic effects.

RMS_SY_Sn

RMS of the Y projection: tan(θ_Y).
Ideally RMS_SX ≈ RMS_SY in the absence of magnetic 
fields.

S1 C/C₂H₄ S2 Emu S3 Lexan 1mm S4 W 0.5mm S5 W 0.9mm S6 Pb 1mm S7 Pb 2mm

For each: RMS_angle_Sn   RMS_SX_Sn   RMS_SY_Sn   →   21 variables total

Δ θ  B E T W E E N C O N S E C U T I V E  B A S E T R A C K S

avg_diff_BT
Mean of |θᵢ₊₁ − θᵢ| over the whole track.
Different from the kink: local reference, not fixed to the 
1st BT.

avg_diff_BT_S1

Mean of consecutive Δθ in S1 (target C/C₂H₄). 
Contribution to scattering in the lightest region.

avg_diff_BT_S2

Mean Δθ in S2 (emulsion only). Baseline: minimal 
scattering, dominated by tracking resolution.

rms_diff_BT

RMS of the consecutive Δθ over the whole track. More 
sensitive to rare and large scattering events → excellent 
discriminant for momentum.

rms_diff_BT_S1

RMS Δθ in S1. Fluctuation of the scattering in the target 
region.

rms_diff_BT_S2

RMS Δθ in S2. High value → tracking noise, not physical 
scattering.

FOOT Experiment — Nuclear Emulsion MCS Momentum Reconstruction

Workflow: Dataset Variables
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Workflow: Methodology
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Supervised regression problem ·  regression performed on protons ·  target: true momentum p [GeV/c] from the FLUKA Monte 
Carlo truth

Tracks in

emulsion

Basetrack

reconstructed

along 7 sections

Feature

engineering

Kink, angular RMS

per section, range

Tree-based

regressors

Random Forest

and XGBoost

5×5-fold

CV

Robust out-of-sample

estimate

Metrics

+ SHAP

RMSE, MAE, R²

and interpretation

Why tree-based models. The scattering features are non-linear, correlated with each other and heavy-tailed: tree ensembles handle them without 
linearity assumptions or scaling, are robust to outliers and null values (deep sections not reached) and provide interpretable feature importance.

No data leakage. Per-track split and cross-validation applied before every performance estimate.



Dataset

……

Decision tree 1
Result 1

Decision tree j
Result j

Decision tree n
Result n

Voting

Final result

Dataset

Decision tree 1
Result 1

Weighted Dataset 1 Weighted Dataset n-1

Decision tree 2
Result 2

Decision tree n
Final Result

…

ML Models: Ideas
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Random Forest

Bootstrap and bagging

XGBoost

Boosting



Out-of-sample performance estimate over 25 independent fits per model.

The dataset is split into 5 folds: in rotation 4 for training, 1 for testing. The whole scheme is repeated 5 times with different partitionings.

One repetition — 5 folds (orange cell = test)

fold 1 TEST train train train train

fold 2 train TEST train train train

fold 3 train train TEST train train

fold 4 train train train TEST train

fold 5 train train train train TEST

× 5 repetitions with different shuffle

Repetition 1 5 fold

Repetition 2 5 fold

Repetition 3 5 fold

Repetition 4 5 fold

Repetition 5 5 fold

25
independent fits

per model

Why repeat. A single 5-fold depends on the partitioning. Repeating 5 times with different shuffles reduces the variance of the estimate and

allows each metric to be reported as mean ± standard deviation over the 25 values — hence the error bars in the model comparisons.

Workflow: 5x5 Fold CV
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Exploratory Data Analysis (EDA)
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EDA
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EDA
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EDA
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EDA
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EDA
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Pearson’s R

Surviving Fraction of Particles within the emulsion setup



Results
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XGB Results
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RF Results
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Performance Comparison
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RMSE: Root Mean Squared Error MAE: Mean Absolute Error
R2 : Coefficient of determination

R2=1 -> Perfect regressor





A little bit deeper
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A little bit deeper
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We are failing!

R2 < 0  -> The model performs worse than predicting the mean target value 



A possible explaination
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Small sample size?
In high energy range, we have less data 
samples. The model cannot understand the 
physics in high energy regime



Momentum reconstruction
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Explainability (XAI)
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SHAP – Explaining Model Prediction 
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The idea in one sentence

A complex model ( NN, gradient boosting …) produces a 
prediction 

SHAP answers the question: “How much did each feature 

contribute to this specific prediction?”

prediction =  baseline value +  Σ feature contribution (φ)

Theoretical foundation: Shapley values from game theory – a fair way to 
distribute “reward” among collaborating partners. Here, the players are the 

features

How to interpret an explaination
Base value  0.30 prediction  0.82

Età = 67
+0.24

Pressione alta
+0.18

BMI = 22
−0.06

Fumatore
+0.16

Pushes the prediction upward Pushes the prediction downward

Global and local

The same metric can explain an individual prediction (local explaination), and, 
when aggregated across the dataset, provide the average feature importance ( 
global explaination)

Fair attribution

Distributes the “credit” among features with 
mathematical guarantees

Model-agnostic

Works with any ML model

What is it used for?

Model debugging
Bias and fairness assessment
Transparency and explainability requirements

SHapley Additive exPlanations · attributing the contribution of each feature to an individual prediction

Age = 67
+0.24

Pressione alta
+0.18

BMI = 22
−0.06

Fumatore
+0.16

High blood pressure
+0.18

BMI = 22
−0.06

Smoker
+0.16

BMI = 22
−0.06



SHAP – Swarm Plot
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o Range_massico is by far the most influential feature, 

showing the largest spread of SHAP values and 
therefore the strongest impact on the model 
predictions.

o Higher values of range_massico (red points) are 
generally associated with positive SHAP values, 

indicating that larger values tend to increase the 
predicted momentum.

o Lower values of range_massico (blue points) 
predominantly contribute negatively to the prediction, 
reducing the model output.

Main Observations



SHAP – Swarm Plot
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o max_kink is the second most important feature, 

although its impact is substantially smaller than that 
of range_massico.

o The asymmetric SHAP distribution 
of max_kink suggests a non-linear relationship with the 
target variable.

o lastthird_kink and onethird_kink provide additional 
predictive information but with a noticeably smaller 

contribution

Secondary features



SHAP – Swarm Plot
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RMS-based Variables

o Several RMS-related features 

(RMS_angle_S1, RMS_SX_S5, RMS_SY_S5, etc.) show relatively 
narrow SHAP distributions centered around zero.

o These variables contribute to fine-tuning the prediction but 
have limited influence compared to the leading feature.

o The clustering of SHAP values around zero indicates that most 
RMS variables play a secondary role in the model decision 
process.





Thanks
For the attention

Foot – Fragmentation of target
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T A K E  H O M E  M E S S A G E

Explainability can help in understanding the model 

prediction

We need mode data / different variables

Open road – Deep Learning methods, Agentic AI … 

Foot - 2026
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