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Problem description
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Time equivalent method

Structural fire resistances are defined based on the ISO fire curve. The time equivalent method in structural fire 
design converts a real, natural fire scenario into an equivalent duration of a standard fire (e.g., ISO 834) to determine 
required fire resistance.

ISO-834 fire curve

Natural fire curve

Equivalent 
time for ISO 
fire exposure



Compartment fire models

Question: which natural fire model should be used for calculating the structural fire resistance? 



Compartment fire models

Eurocode 1991-1-2: parametric fire curves

Travelling fire model
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Compartment fire models
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When should we use EN or TF model?

• Compartment floor area

• Compartment height

• Fire load density

• Ventilation factor

• Thermal inertia

• Fire growth rate

• Compartment floor area

• Compartment height

• Fire load density

• Fire spread rate

• Heat release rate

Eurocode 1991-1-2: parametric fire curves

Travelling fire model

Check with the full-scale tests!



Fire curves comparison 
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Identify the best-performing model



Identify the best-performing model

EN parametric fire curves  



Identify the best-performing model

EN parametric fire curves  

Which model is the best?

Which parameter should 
we look at?

Traveling fire curves



Identify key parameters

Which fire parameter contributes the most to the 
peak steel temperature changes?

Temp.

TimeGrowth Fully developed Cooling

Failure temperature

From structural fire engineering perspective:



Sensitivity study

Define referenced fire 

and steel curves 

Vary each parameter 
for around ±50%

Check the variation of 
the peak steel 
temperature



Identify key parameters

Peak fire temperature Total fire duration Fire growth time

Flashover temperature Cooling temperature Fire growth curve



Identify key parameters (sensitivity)

• The Peak temperature and Total fire duration are the most important factors in determining the peak steel temperature (> 20 %).

• Importance:
𝑇𝑜𝑡𝑎𝑙 𝑓𝑖𝑟𝑒 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛

𝑃𝑒𝑎𝑘 𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒
=

0.252

0.368



Identify best-performing model

𝑇𝑜𝑡𝑎𝑙 𝑓𝑖𝑟𝑒 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛

𝑃𝑒𝑎𝑘 𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒
=

0.252

0.368

Name Test

EN parametric fire Travelling fire

Value Relative error [-] Value Relative error [-]

Total fire duration [min] 100 95 (95 – 100) / 100 
= -0.05 80 (80 – 100) / 100 

= -0.2

Peak temperature [℃] 1000 950 (950 - 1000)/1000 
= -0.05 1050 (1050 - 1000)/1000

= 0.05

Total relative error [-] - / 0.252*(-0.05) + 0.368*(-0.05)
= -0.031 / 0.252*(-0.2) + 0.368*(0.05)

= -0.032

Winner (best perfoming model)

EN3 parametric 
fire curves  

Traveling 
fire curves



Development of the logistic 

regression model
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Methodology

• Compartment floor area
• Compartment height
• Ventilation factor
• Fire load density
• Thermal inertia
• Fire growth rate= fast (wood)
• Fire spread rate=2 mm/s (wood)
• HRRPUA =250 kW/m2 (wood)
• Maximum fire temp. = 1200 °C

Collecting fire 

experiments

Summarize test 

setups

EN/travelling fire 

model predictions

Relative errors of 

fire curves

• Maximum fire temperature
• Fire duration after flashover

Find the best 

model

Back-trace inputs 

of the best model

Derive the logistic 

regression model

New inputs for 

prediction

• Fire curves (122 out 
of 222 tests)

• Fire curves (predictions)

• EN/TF

EN/TF?



Full-scale experiments

• Database description: 
- 122 out of 222 full-scale tests in total
- Test setups are summarized 
- Average temperature-time curves are collected

• Selecting criteria:
- Compartment floor area > 20 [m2];
- Fire load density > 50 [MJ/ m2];
- Ventilation factor > 0.02;
- Peak temperature > 500 [°C];
- Include (part of) cooling phase.



• Compartment floor area

• Opening factor

• Compartment height

• Thermal inertia

• Fire load density

Inputs Logistic Regression Model EN/travelling fire model

Logistic regression model



• Compartment floor area

• Opening factor

• Compartment height

• Thermal inertia

• Fire load density

Inputs Logistic Regression Model EN/travelling fire model

Logistic regression model



LR model results

Feature importance in classifying EN and TF:

1. Floor area
2. Opening factor
3. Thermal inertia

Step-1: fire model inputs:

• Floor area: Af

• Opening factor: O
• Thermal inertia: b
• Fuel load density: q
• Compartment height: Hc

Step-2: calculate linear predictor z:

Step-3: transform z to a logistic (sigmoid) function:

If P ≥ 0.5 → TF model; else EN model.



LR model performance

• Accuracy of the trained model: 74.1±5.3%

• Accuracy in predicting EN model: 77.4%

• Accuracy in predicting TF model: 83.3%

(1) Experiments v.s. LR predictions

(2) LR model performance

Traditional 100 [m2] method



Implementation of the model in PRA
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Risk-based approach



Risk-based approach



Implementation in PRA
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