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Motivation: Why Forecast Road Crashes and Fatalities?
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• A major public-health and economic burden

• ≈1.19 million road deaths worldwide in 2021 (WHO)

• Leading cause of death for ages 5-29; 1-3% of GDP lost

• Severe economic loss and grief 

• Greece: progress since 2014, but recent setbacks

• +2.9% road fatalities in 2024; among the lowest-
performing EU countries

• Accurate forecasting enables proactive policy

• Supports Vision Zero: -50% fatalities by 2030, zero by 
2050

1.19M
road deaths worldwide per year (2021)

+2.9%
road fatalities in Greece in 2024

−50%
Vision Zero fatality target by 2030



What about Greece? 
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• More than 2,000km of motorways

• New laws and legislation

• Stricter penalties especially for repeat 
offenders. 

• More effective enforcement (e.g. alcohol).

• Reduced speed limits 30km/h in urban areas.

• Improvement in road safety

• Fatalities: -35% since 2015

• Annual decrease by 22% in year 2025 



Study Objective & Research Questions
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• Core analytical question
• Can national crash and fatality counts be reliably forecasted to support proactive road-safety 

planning in Greece?

• Model comparison logic
• Traditional ARIMA/SARIMA provide interpretable seasonal baselines.
• LSTM tests whether nonlinear sequence learning adds measurable predictive value.

• Targets & granularity
• Two target series are modelled separately: crash frequencies and fatalities.
• Each is examined at monthly and weekly resolution over 1996 - 2022.
• 1996-2018 training; 2019-2022 testing.

• Scientific Contribution
• The study addresses forecasting frequency, not injury-severity modelling. The main added value is 

Greece-specific evidence using enriched time-series features.
• Model performance comparison.



Data: The SANTRA Crash Database
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• Source integrity
• SANTRA is the Greek national crash database, maintained by NTUA and populated from detailed 

Police records inputted after each crash.

• Two modelling targets
• Crash counts and fatalities are treated as separate time series because their levels, volatility and 

risk mechanisms are not identical.

• Scope of observation
• The analysis uses all recorded crashes and fatalities in Greece from 1996 through 2022, 

aggregated consistently into weekly and monthly series.



Preprocessing & Feature Engineering
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Temporal
harmonized dates; variable types; 
weekly/monthly indices

Seasonal
season, quarter, summer/winter, holidays

Persistence + policy
lags, rolling averages, cumulative indicators, 
crisis/COVID/motorway/enforcement flags

Exogenous context
fuel prices, GDP indicators and legislative 
variables from EL.STAT.

• Feature engineering:
• Seasonal descriptors - season, quarter, summer / winter 

and holiday markers.
• Lag variables, rolling averages and cumulative indicators.
• Binary policy flags - economic crisis, COVID-19, new 

motorways, road safety related enforcement measures.

• Preprocessing:
• Type conversion, date harmonization and explicit weekly / 

monthly time indices.
• These steps create the comparable modelling base for 

SARIMA and LSTM.

• Software & packages:
• R-studio: forecast package 
• Python: Pytorch, CUDA, scikit-learn 



ARIMA / SARIMA Methodology
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1. Data preparation & diagnostics

Raw SANTRA series (without any exogenous variables) 
→ time-series objects. Initial visual diagnostics use 
simple time-series plots plus ACF/PACF patterns to 
identify trend, seasonality and candidate lag 
structure.

2. Stationarity & differencing
ADF and KPSS tests determine whether normal and/or 
seasonal differencing is required. Decomposition plots 
are used to confirm whether recurring 
annual/seasonal structure remains after 
transformation.

3. Candidate model exploration
Manual parameter testing and auto.arima are run in 
parallel. Candidate (p,d,q) and seasonal (P,D,Q) 
parameters are retained only when they are plausible 
and diagnostically defensible.

4. Evaluation gate

The methodological workflow does not accept a model 
only because its error is low. Residuals must behave like 
white noise; otherwise, the model still leaves systematic 
temporal information unexplained. Grid search (Ljung–
Box, ACF/PACF, checkresiduals).

5. Final prediction logic

The selected models are trained and tested in a 
temporal split and with the best parameters 
based on multiple performance metrics (MAE,
RMSE, MAPE, SMAPE), then used to produce 
forecasts.



LSTM Μethodology
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1. Transform time series into supervised 
learning sequences

Historical crash and fatality values were converted into 
ordered input–output sequences so the model could 
learn from previous observations while preserving 
temporal order.

2. Develop separate models for each target 
and time resolution

Separate LSTM models were trained for crashes and 
fatalities, using both monthly and weekly datasets to 
capture different temporal patterns.

3. Include exogenous variables to enrich 
prediction

In addition to past crash/fatality values, the LSTM 
framework incorporated external variables such as fuel 
prices, GDP-related indicators, policy changes, legislation, 
and traffic regulations.

4. Use chronological train–test splitting

The dataset was split using a temporal split, with earlier 
observations used for training and the most recent period 
reserved for testing, avoiding information leakage.

5. Tune hyperparameters through grid 
search

Different combinations of LSTM layers, number of 
units, input time steps, dropout rate, learning rate, 
batch size, loss function, and epochs were tested.

6. Evaluate forecasts using multiple accuracy 
metrics

Model performance was assessed using MAE, 
RMSE, MAPE, SMAPE and R², allowing comparison 
with ARIMA/SARIMA models on the same test 
period



Results – Performance of SARIMA Models
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Series Best model MAPE RMSE MAE

Monthly crashes SARIMA(1,0,2)(1,0,3)[12] 12.33% 121.38 86.62

Monthly fatalities SARIMA(1,0,2)(1,1,1)[12] 17.14% 10.65 8.71

Weekly crashes Log SARIMA(2,1,1)(0,1,1)[48] 18.72% —* —*

Weekly fatalities Log SARIMA(3,0,3)(0,1,3)[48] 29.92% —* —*

*: Did not pass residual check tests – not appropriate for 
prediction weekly crash/fatality counts in our dataset.



SARIMA - Actual vs Predicted (crashes)
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SARIMA - Actual vs Predicted (fatalities)
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Results – Performance of LSTM Models

Modelling and Forecasting Traffic Crashes and Fatalities in Greece ·  RSS2026 12

Series MAPE RMSE MAE

Monthly crashes 6.43% 66.57 44.32

Weekly crashes 10.44% 20.10 15.54

Monthly fatalities 10.30% 6.18 4.33

Weekly fatalities 8.56% 1.14 0.99



LSTM — Actual vs Predicted (crashes)
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LSTM — Actual vs Predicted (fatalities)
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SARIMA vs LSTM (MAPE comparison)
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Dataset SARIMA MAPE LSTM MAPE

Monthly crashes 12.33% 6.43%

Monthly fatalities 17.14% 10.30%

Weekly crashes 18.72% 10.44%

Weekly fatalities 29.92% 8.56%



Discussion & Limitations
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• LSTM captures what SARIMA cannot

• Nonlinear relationships, seasonality, economic & legislative effects.

• Strong seasonality confirmed

• Pronounced summer and holiday crash peaks.

• Limitations to acknowledge

• Single chronological split; national-level aggregation only

• Crash frequency modelled, not injury severity

• National aggregation supports temporal forecasting, but it cannot reveal spatial 
heterogeneity or localized high-risk corridors without disaggregated data.

• Not extensive use of count-data models. 



Conclusions & Future Work
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• Deep learning advances crash forecasting in Greece

• LSTM consistently more accurate than ARIMA / SARIMA 
models.

• A foundation for evidence-based road-safety policy

• Enables proactive, data-driven decision-making.

• Future directions

• Use of spatially disaggregated, crash-level data.

• Test of other count models, state-space models etc. and 
apply further comparisons with e.g. INGARCH (Integer 
Generalized Autoregressive Conditional Heteroskedasticity) 
and GLARMA (Generalized Linear Autoregressive Moving 
Averages) models

• Joint frequency-severity modelling.

• Further evaluation of new laws and road safety 
countermeasures.



Thank You!
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Any Questions?

Presenter: Athanasios Theofilatos  ·  atheofilatos@uth.gr

P. Gkougkoulis · A. Theofilatos · A. Fragkou · M. Spiliotopoulos · G. Yannis · F. Kehagia
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