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Abstract

The shallow learning neural network (SNN) has some limitations in the assessment of fire risk of industrial
facilities due to its inherent problems such as over-fitting and gradient vanishing. However, in recent years,
it has become possible to build a deep learning neural network (DNN) consisting of multiple hidden layers
and to make learning algorithms more sophisticated, which allows for the use of a fire risk assessment
tool in the fire insurance. In this paper, prediction performances between SNN and DNN are compared
under various conditions using Google's Tensorflow. As a result, most SNN problems are solved through
the drop-out method and RelLU activation function in DNN, and the learning performance of DNN with a
maximum TS value of 0.76 is confirmed to be 58% higher than that of SNN. Nevertheless, in order to
improve the utilization of fire insurance as a risk management tool, a systematic and large amount of learning

data should be secured.
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Figure 1. Structure of shallow learning neural network
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Figure 2. An example of local minima problem in gradient descent
method
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Table 1. Examples of representative algorithms provided in the tensorflow

Category

Examples of Representative algorithms

Element—wise mathematical operations

Add, Sub, Mul, Div, Exp, Log, Greater, Less, Equal, ...

Array operations

Concat, Slice, Split, Constant, Rank, Shape, Shuffle, ...

Matrix operations

MatMul, MatrixInverse, MatrixDeterminant, ...

Stateful operations

Variable, Assign, AssignAdd, ...

Neural—net building blocks

SoftMax, Sigmoid, ReLU, Convolution2D, MaxPool, ...

Checkpointing operations

Save, Restore

Queue and synchronization operations

Enqueue, Dequeue, MutexAcquire, MutexRelease, ...

Control flow operations

Merge, Switch, Enter, Leave, Nextlteration

% Source: Abadi, et, al (2016)
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Figure 4. An example of a thinned neural network produced by dropout method
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Table 3. Input variables of DNN

No, | Code Input Variables
1 C2 Construction Size
2 C4 Building Arrangement
3 02 Process Area
4 04 Electrical Utilities
b P2 Fire Detection System
6 P3 Water Supply System
7 P6 Hazardous Materials Management
8 P7 Hot Work Management
9 P8 Smoke Controls
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Table 4. Configurations of the DNN

Training Parameter Value
Input Node 9
Hidden Layer 3
Hidden Node 19
Output Node 2
Learning Rate (a ) 0.01
Normalization MinMaxScaler
Drop—out Rate 0%, 10%, 20%, 30%. 40%, 50%
Activation Function ReLU
Classifier Softmax Function

Iterations 2,000
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Table 5. 2x2 Contingency Table for Forecast Verification

Observation
Classification
Yes No
Yes Hits (a) False alarms (b)
Forecast
No Misses (c) Correct negative (d)

Table 6. Comparative verification between SNN and DNN
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Hit Rate (H) 0.73 0.75 0.85 0.83 0.75 0,77 0.70
Threat Score (TS) 0.48 0,67 0.76 0,74 0.64 0.64 0.56
Standard dev, 0.172 0,101 0.059 0.052 0,091 0.093 0,130
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Figure 6. Learning performance between SNN and DNN
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MEAE siALZOS0l et &2 AT H2 MET9 45 Hlw

o1

TEZE 7|29 F& AFAAYLL 1A} Gradient Vanishing A 5 WA 2] EAH g2 ¢l5to] AFYAIA
o S @A F7kl A A 2y HE S0 2HSE USSR FAske d2 AXY
9 F%o] 7he A AL ShE gL Eo] NESHEHA FHEFANA YUY Bt ETEN B
ol motAth & = e 72 ISR S ol 83t vofdt a2 d2 A%
= FEAA &2 AT dS5A s vlaskih. 1 23 F2 AWl A= Drop-out 5 ReLUR
2o F4e 5ol 7129 SNNY BAGE 4T 4 9900 Tsgo] Hrh 07602 F& AAHR
o 58% 2 A S AT Te SARHAN BB ETZA BEHS Fol7] 919
Ae AA AL §2 Folg 7t tEEojof g,
ZH0]: SRS, #e MEY, HIMERSR, Drop—out, RelLU
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