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Abstract
The BOSOM-LSTM technique is a hybrid neural network capable of conducting generic data analysis. There are a number of
factors that generally affect data analysis, and chief among them is the extensibility of an analysis tool. Any tool and/or
technique used for analysis is limited in its operation by its own ability to adapt for use in different circumstances. Extensibility
of an analysis tool, therefore, implies the ability of a tool to be reconfigured with new configuration parameters in order to
suite a new demand. The BOSOM-LSTM technique is a relatively flexible and reconfigurable tool applicable for generic data
analysis. In this study, the BOSOM-LSTM was configured for seismic vulnerability analysis using data from Zimbabwe. The
objective of the study was to apply the BOSOM-LSTM technique in the assessment of seismic vulnerability of a Zimbabwean
city (Mutare City), given a simulated seismic scenario. In this paper, a seismic event was simulated using the VISCO1D
software on the data obtained from the East-Southern Africa Rift System. In order to assess seismic vulnerability of public
infrastructure and civilian buildings, construction data was obtained from Mutare City Council. This data revealed that
construction in the city was based on reinforced concrete material, thus vulnerability of infrastructure in the city could be
extrapolated from the compressive strength of reinforced concrete. Results in this paper reveal two significant observations: (1)
that the BOSOM-LSTM was successfully configured and used for seismic vulnerability assessment, and (2) that there is
significant seismic vulnerability in Mutare City. A conclusion was drawn that the BOSOM-LSTM is applicable in seismic
vulnerability assessment. However, a limitation was noted in that the BOSOM-LSTM technique depends on manual parameter
tuning techniques, and configuration.
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1. Introduction
Seismic vulnerability is defined as the susceptibility of
buildings and infrastructure to damage in a given locality, in
the event of seismic ground motion [1-3]. Seismic
vulnerability assessment is quantification of the extent of the
magnitude of susceptibility on buildings and infrastructure
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considering the possibility of a seismic event occurring [4]. In
the case of multiple events, such quantification factors in the
period over which estimation are made [4]. Seismic
vulnerability assessment is generally used in a framework
essential for governments and decision makers to optimally
allocate resources and mitigate consequences of earthquakes [3,
5]. There are a number of existing vulnerability assessment
methods and algorithms with varying initial assumptions, such
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as, quantification of seismic hazard, building vulnerability
assessment and building type [6, 7]. Despite the varying
methods and tools used for seismic vulnerability assessment,
they all depend on two types of data:-

next simulated on sedimentary valley conditions, thus both
the ground vibration amplitude, and duration of ground
vibration were significantly raised. For this condition, the
duration of vibration was set to 300 seconds.

1. Seismicity Data: This is data collected by seismic
observatory stations over a period of time. Using this data,
analyses may be made to observe the behaviour of the
seismicity of a given location and/or fault plane [8].

The third step is to run the BOSOM-LSTM network using
data obtained from the “field” in order to interpret seismic
vulnerability results. Using manually configured network
sensitisation conditions, the BOSOM-LSTM network was
successfully configured for seismic vulnerability assessment.
In order to model a possible occurrence of a seismic event, a
seismic scenario was simulated using the VISCO1D software
with an epicentre in the Inyangani mountains, Zimbabwe.
VISCO1D is a software package that can be used to calculate
quasi-static deformation on a layered spherical Earth from a
specified input source, using fault plane parameters, at
specified points on the surface or at depth [12]. It uses a
spherical harmonic expansion of the global deformation field
and evaluates a sum of viscoelastic normal modes in a semianalytic computation [12]. In this study, there were three
sources of data. Data on concrete compressive strength was
obtained from the University of California (Irvine) Machine
Learning Repository. Data on seismicity of the East-Southern
Africa Rift System was obtained from Goetze National
Observatory Centre, Zimbabwe and ESARSW [13]. For this
paper; data on buildings, infrastructure, and construction
style was obtained from Mutare City Council. Using the
obtained data and simulated seismic scenario, analysis on
seismic vulnerability of Mutare City was conducted. The
scope of seismic vulnerability assessment in this paper is
therefore limited to Mutare City.

2. Construction Data: This is data relating to the style of
construction, and materials used in the construction of
buildings and infrastructure, in a given location of interest.
Different construction materials and styles have different
responses to ground vibration, under varying ground
compressional and shear forces [9].
In this study, the BOSOM-LSTM technique was used as a
data analysis technique for vulnerability assessment. The
BOSOM-LSTM technique is a hybrid neural network that
employs a Bat Optimised Self Organising Map conjoined
with a Long Short Term Memory network [10, 11]. The
BOSOM-LSTM technique is implemented as an Artificial
Neural Network that has two stages of learning; unsupervised
learning for the BOSOM entity, and recurrent supervised
learning for the LSTM entity [11]. The BOSOM-LSTM was
shown to have high reliability, and high accuracy in
appropriate conditions. Its limitations are that it requires
expansive operational storage space, thus it has high space
demands, and it is slow [11]. In order to operationalise the
BOSOM-LSTM network for vulnerability assessment, three
(3) steps for setting it up have to be taken. The first step is to
sensitise the network to construction data. In this study, this
step is accomplished by using known concrete compressional
datasets. Concrete datasets are broken into two groups;
reinforced concrete group, and unreinforced concrete group.
During this step, the BOSOM-LSTM learns, by adjusting
weights between connections of neurons, the fragility of
concrete. This fragility is learned for both compressional and
shear forces, under simulated ground vibration conditions.
The second step is to train the BOSOM-LSTM network using
ground properties data. In this step, the objective is to
account for the effects of ground properties for all ground
vibration conditions. The conditions of ground vibration are
varied by adjusting the peak ground acceleration (PGA), and
the duration of vibration. Two natural ground conditions are
considered in this study:1. On hard block of bedrock: Ground vibration conditions
were first simulated on hard block of bedrock, meaning
that both the ground vibration amplitude and duration of
ground vibration are significantly diminished. For this
condition, the duration of vibration was set to 150 seconds.
2. On sedimentary valley: Ground vibration conditions were

2. Configuring the
BOSOM-LSTM Technique
In order to configure the BOSOM-LSTM for seismic
vulnerability analysis, manual identification of parameters
was done. In this case, a total of 12 input parameters were
identified, and grouped into three groups. These groups are:1. Ground properties: A total of four (4) ground properties
were used, and these are; the peak ground acceleration
(PGA), the seismic event magnitude (simulated on
Richter scale magnitude), the shear wave velocity (V),
and the soil strength (using friction angles). This vector
group was obtained from both literature and the
VISCO1D software through simulation [14-15].
2. Concrete mixture properties: A total of four concrete
reinforcement variables were used, and these are; the
steel ratio in the structure, the 28-day resistance of
concrete, the yield stress, and the elasticity coefficient.
This vector group was extracted from literature and
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added to the sensitisation datasets [16-18].
3. Reinforcement properties: A total of four (4) concrete
variables were used to account for the construction
material. These variables were cement, slag, fly ash,
and water content. This vector group was extracted
from concrete datasets for analysis of compressive
strength [16-18].
A square configuration of the BOSOM surface was used, at
12 × 12 dimensions. The buffer configuration was set at
144 nodes, and the LSTM structure set to 144 × 169
Constant Error Carousel (CEC) array. Figure 1 shows the
schematic
representation
of
the
BOSOM-LSTM
configuration used in this study, for seismic vulnerability
assessment.

Figure 1. Configuration of the BOSOM-LSTM Network.

The BOSOM-LSTM network was run with an epoch setting
of 10000 epochs, and 30 repetitions before averaging the
results. This approach was conducted in both the sensitisation
stage and the vulnerability assessment stage. The number of
epochs was empirically chosen in an effort to reduce chances
of overfitting, during sensitisation. While it is desirable to
minimise the convergence error, the danger is that the
modelling error may be overly minimised so much that the
network may closely fit to a limited set of data points, thus
creating overfitting of the network [20-21]. In this way,
application of the network to a generalised case may then
prove difficult [21]. On the other hand, in this configuration,
the chances of over-oscillation due to very high momentum
were countered by using randomised and normalised
connection weights throughout the whole BOSOM-LSTM
network. This technique minimises the learning skew due to
magnitude and scalar differences. Further, this technique
reduces oscillatory tendencies caused by high momentum.
Finally, the buffer was implemented using a 12 × 12 matrix.
The purpose of the buffer in this configuration is network
synchronisation.
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network before applying it to seismic vulnerability
assessment. During the sensitisation process, the results of
the BOSOM-LSTM network were contrasted with results
obtained by other researchers for stabilisation of network
weights. The construction datasets used were:
1. Concrete Compressive Strength with Manufactured Sand
dataset: This dataset was first published by Ding et al.
(2016) [18]. It features 186 groups of tests performed on
concrete with manufactured sand in different curing stages,
and 262 groups of tests performed at 28 days for the same
type of concrete. The features in this dataset present long
term compressive strengths at different ages of the
concrete, contrasted with relative strengths at 28 days [18].
2. Concrete Slump Test dataset: This dataset was first
published by Yeh (2007) in his work on modelling slump
flow of concrete using second-order regression analysis
[17]. The work was expanded to applying ANNs and the
results were corroborative to numerical methods on the
same dataset. The dataset has 103 instances, with 7 input
variables and 3 output variables. Yeh (2007) observed a
non-linear relationship between the concrete ingredients
and water content. Some of the input variables in the
dataset are cement, slag, fly ash, and water; and some of
the output variables were slump flow and compressive
strength at 28 days [17].
3. Concrete Compressive Strength dataset: This dataset was
first published by Yeh (1998) [16]. The dataset has 1030
instances, 8 input variables and 1 output variable. In this
work, Yeh (1998) used multivariate regression analysis to
analyse concrete compressive strength, and compared
results with ANNs on the same dataset [16].

3. BOSOM-LSTM Network
Sensitisation
Three (3) construction materials datasets were used during
the sensitisation process in order to train the BOSOM-LSTM

Figure 2. Sensitivity Performance Comparison, the BOSOM-LSTM against
Results by Yeh (1998).
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Using these datasets, comparative results were drawn
between results obtained by other researchers on these
datasets, and results obtained from the BOSOM-LSTM
network. Figure 2 presents a comparison of results, between
Yeh (1998) and the BOSOM-LSTM network, superimposed
on each other. As can be observed from Figure 2, the
BOSOM-LSTM network shows successful sensitisation, thus
it was able to adjust its weights accordingly. In this figure,
the BOSOM-LSTM network was able establish the
compressive strength of concrete, based on the water/binding
ratio.

Figure 3. Sensitivity Performance Comparison, the BOSOM-LSTM against
Results by Yeh (2007).

Figure 4. Sensitivity Performance Comparison, BOSOM-LSTM against
Results by Calabrese and Lai (2012).

Figure 3 presents a comparative analysis of results obtained
from the BOSOM-LSTM network, against results from Yeh
(2007), on the Concrete Slump Test dataset. It may be
observed from the figure that the BOSOM-LSTM network is
similarly able to approximate the results by Yeh (2007),
given the same dataset. This implies that the BOSOM-LSTM
network was successfully sensitised for compressive strength
behaviour of concrete, for varying external forces. Calabrese
and Lai (2012) presented fragility of concrete based on a
concrete compressive dataset. The BOSOM-LSTM network
was able to model the fragility of concrete against variable
ground acceleration, as shown in Figure 4. The performance
of the BOSOM-LSTM network on this dataset is competitive
when compared to results obtained by Calabrese and Lai
(2012). In conclusion, it may be inferred that the BOSOMLSTM was sufficiently sensitised to fragility performance of
concrete structures. The probability of failure of structures is
a measure of fragility, and is an important parameter because
it is an assessment of the level of tolerance against ground
vibration. The differences observed between the BOSOMLSTM network and results from other researchers, in Figures
2, 3, and 4 may be attributed to the fact that the conditions of
replication of these experiments were not identical. Further,
these differences are minor, because they were not
statistically significant at 95% confidence interval. It was
thus concluded that the BOSOM-LSTM network was
sufficiently sensitised.

4. Seismic Event Simulation
In order to conduct a seismic assessment, a seismic scenario
has to be defined. In this study, the VISCO1D software [12]
was used to simulate a seismic scenario in the vicinity of
Inyangani mountains, in the Eastern Highlands, Zimbabwe.
The seismic scenario was simulated with its epicentre at
18°44′2.02′′S (latitude) and 32°17′59.22′′E (longitude), with
depth 13 km, and magnitude 6.0 on Richter scale.
Historically, Zimbabwe has on record experienced a seismic
event of similar magnitude; intensity 6.1 on Richter scale on
23 September 1963 at Lake Kariba [22-23]. Therefore, in this
vulnerability assessment process, conditions of a recorded
and a known worst case scenario were used. The output of
the VISCO1D software is a dataset that gives details of
simulated effective compression wave and shear wave at
every 10 km radius up to 250 km. Using the data obtained
from Goetze National Observatory Centre in Zimbabwe, the
seismically active regions were drawn up. Figure 5 shows the
historical instances of seismic activities, in and around
Zimbabwe. This data forms part of the activity of the EastSouthern Africa Rift System, in which Zimbabwe lies [13].
By running the BOSOM-LSTM on the East-Southern Africa
Rift System data, an estimation of the fault lines was done.
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Figure 5 shows the estimated fault lines superimposed on the
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Zimbabwe map with plotted historical seismic events.

Figure 5. Historical Seismic Activities, defining two distinct Active Regions in Zimbabwe.

In Figure 5, it was observed that the Peak Ground
Acceleration (PGA) of these events was relatively low, and
lies in the range [0.2, 2.4] m/s2. This meant that, while
Zimbabwe has a relatively high frequency of seismic events,
by number of occurrences, it does not suffer significant
sudden impact events because these events are low-level
events. The impact of such multiple low-level seismic events
may not be sudden and devastating, however, their impact on
infrastructure and buildings may be significant over long
periods of time, thus warrant the need for investigation. The
epicentre of the simulated event lies less than 60 km away
from Mutare City. The city is located near the Mozambique

border, at grid location 18°58′3.38′′S (latitude),
32°37′59.34′′E (longitude). The effective impact properties
of the event in the city was simulated to be; 11.9 km residual
depth, PGA = 3.034 m/s2, Amplitude = 0.92 cm, P-wave =
10.2 km/s, and S-wave = 5.2 km/s. The simulated event
epicentre is marked in Figure 5 as Seismic Scenario I, using a
cyan star.

5. Data Acquisition for Seismic
Vulnerability Assessment
Data on construction style and materials was obtained from
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Mutare City Council. The data showed that commercial
buildings and public infrastructure were built using
reinforced concrete for vertical columns, foundations, walls,
and supporting frameworks, in order to provide the strength
needed on the structures. Commercial buildings were built in
this area with provision for multiple floors (storeys). By
analysing the building codes provided from the city council,
it was observed and concluded that there are no significant
earthquake-resistance construction standards that were used
and/or implemented during construction. For this reason, it
was postulated that if a seismic event of significant
magnitude were to occur, in close vicinity of this city, then
the damage to public infrastructure and buildings would turn
up high. Using the simulated event obtained from VISCO1D,
the effective impact of the event in Mutare was in Category V,
according to the Instrument Intensity Scale developed by the
United States Geological Survey Department. Mutare City
was sectioned into three (3) zones, and the data obtained
showed the construction parameters based on these zones.
The vulnerability of buildings and infrastructure was codified
into seven (7) classes, as shown in Table 1.
Table 1. Vulnerability Class Codification.
Class
A
B
C
D
E
F
G

Vulnerability Remark
Not Felt
Minor structural disturbance
Significant structural disturbance
Damaged structure and still standing
Damaged structure with minimal collapsing
Damaged structure with mild collapsing
Damaged structure with total collapsing

Based on the data obtained, from the city council, there are
risk factors that increase vulnerability of buildings, and
infrastructure. Analysing the assessment data of buildings
and public infrastructure collected by city council engineers,
the data obtained identifies a number of properties that are
directly related to seismic vulnerability. The city council
engineers used a positive scoring system in order to quantify
each of the parameters. In this paper, four (4) parameters
were considered as part of the input for seismic vulnerability
assessment. These parameters were chosen to account for
construction variables in the BOSOM-LSTM network, and
they are:i Number of floors or storeys (P1)
ii Existence of a soft storey (P2)
iii Existence of heavy overhangs (P3)
iv Quality of construction (P4)
Using these properties, as part of the evaluation criteria, the
vulnerability index scoring scheme can be calculated for
buildings and public infrastructure. The assumption used is

that; construction was based on reinforced concrete. In the
residential areas of the city, the dominant construction
material used is the brick and cement combination. However,
based on the datasets by Yeh (1998 and 2007), the brick and
cement material of construction was considered as a variant
of concrete. For this reason, the brick and cement buildings
were considered under concrete based buildings. During the
sensitisation procedure, different weights were learned by the
BOSOM-LSTM network for each of the parameters.
Therefore, the connection weights corresponding to the
impact of each parameter on a building or infrastructure were
established, thus accounting for impact of exposure to ground
vibration, based on reinforced concrete datasets. The
vulnerability index (Iv) was calculated using a cumulative
expression:
= ∑

(1)

where n is the total number of parameters, pi is the weight
associated with a construction parameter according to its
structural importance, and
is the vulnerability class for
which an assessment is to be done (see Table 1). The
vulnerability index scoring system was calculated separating
the city zones according to the city’s construction coding
scheme. The results are shown in Table 2.
Table 2. Vulnerability Index Scoring Scheme.
Parameter
P1
P2
P3
P4
∑

Vulnerability Class (Cvi)
A
B
C
-5.3
-4.1
-2.0
-6.1
-4.6
-3.4
-3.7
-1.7
-0.8
-4.2
-3.5
-2.3
-19.3 -13.9 -8.5

D
0.0
-1.2
0.0
-1.1
-2.3

E
3.2
0.0
1.7
0.0
4.9

F
6.4
2.8
3.2
1.4
13.8

G
8.6
4.9
5.8
3.6
22.9

A descriptive summary of the data obtained shows that
Mutare City has non-complex buildings, with number of
floors not exceeding 10 floors. Generally, the immediate
observation, from the BOSOM-LSTM network was that tall
buildings showed more significant effects of ground
acceleration and vibration amplitude. Thus categorisation by
number of storeys (floors) would be a rudimentary indicator
of where vulnerabilities lie within the city zones. Given the
parameters P1 to P4, the BOSOM-LSTM network was able to
calculate vulnerability using fragility as an indicator for
damage, as assessed using Category V intensity in
conditional analysis. A total of 3000 buildings from across
the three (3) zones was considered in this dataset. Figures 6
and 7 show a descriptive summary of the data obtained from
Mutare City Council. Properties P1 and P3 are shown in these
figures, collated into three (3) zones, thus presenting a
sectionalised summary.
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operation. The buffering mechanism, is implemented using
temporary files in R. In Step 4 of the BOSOM algorithm, the
function
was modified to test for convergence in
order to reduce chances of overfitting. This modification was
adopted because the 10000 epochs used were noted to
frequently run into overfitting, therefore, two conditions for
stopping the training process were used. First was the number
of epochs, and second was the convergence value. This two
tier approach was successful in eliminating overfitting, for
BOSOM. However, the LSTM technique [24-25], was
maintained without modification and successfully
implemented.
Algorithm 1: BOSOM Pseudocode [10]
BEGIN
Initialise
Figure 6. Descriptive Data on Number of Storeys per Building in Mutare
City.

wj

randomly for all

j , where j is a neuron; such that

1.

w j ∈ ℜ; w j = (0,1)

2.

Set BAT parameters, and topological parameters
Define the objective function

3.

φ = 0.05

confidence threshold e.g.
4.

( ) and set acceptable

f wij

FOR (EPOCHS < MAX)
WHILE (

( f ( w (t +1)) − f ( w (t ))( > φ ) DO
ij

ij

4. 1 Generate new solutions by adjusting frequency, updating
velocities, and locations of virtual bats using equations (2) to (4).
4. 2 Generate new weights using;

(

wij ( t +1) = wij ( t ) + ∆wij ,

)

∆wij = γxi y j − y 2j wij ,

where:
and:

y=

∑w x

ij i

i

END WHILE
END FOR
5.

RUN STANDARD SOM COMPETITION:
WHILE (< EPOCHS | ERROR CONVERGED >) DO
FOR (Each input vector,

Figure 7. Descriptive Data on Spread of Overhangs per Building in Mutare
City.

FOR (each neuron

j, compute)

D ( j) =

− x)2

∑ (w

ij

i

6. Implementation

END FOR

The implementation and experimentation processes in this
paper were carried out on a high performance computer
system, and the allocated resources at login are: Intel Xeon
E5-2670 CPU, @ 2.5 GHz, 16 cores, 10 nodes, 128 GB
memory (RAM), 1 TB storage space, 850 GB Temp in /tmp.
Operating system: Red Hat Enterprise Linux Sever (HPC),
v7.5. The basic tools used were clang v4.0.0 –posix (cc), R
v3.5.0 and python v2.7_3.
With a minor modification, the BOSOM surface pseudocode
is presented in Algorithm 1. Its output is buffered and read
into the LSTM [24-25] in order to form a synchronised

x)

Find neuron

j* such that D ( j* ) is minimum

FOR (all neurons

j in specified neighbourhood of j* , for all i )

Compute new competitive weights:

(

wij ( t +1) = wij ( t ) +γ xi − wij ( t )

)

END FOR
Update learning rate,
Reduce radius
END FOR
END WHILE
END

r

γ;

of topological neighbourhood at specified times
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7. Results
Buildings and infrastructure in the datasets obtained from
Mutare City Council were assessed on a fragility index,
calculated using the BOSOM-LSTM network, based on
fragility of reinforced concrete as shown in Figure 4. Figure
8 presents the fragility of buildings using a probability
density function of damage, with the PGA held constant at
3.034 m/s2 and ground amplitude at 0.92 cm. Further, the
duration of ground vibration was held constant, lasting 300
seconds in Figure 8. For the same conditions, a variation in
duration of ground vibration was effected, setting duration to
150 seconds in Figure 9. A significant change in the variation
of fragility of buildings is observable in Figure 9. Buildings
were clustered using zoning information and the fragility
behaviour was examined separately. The probability of
failure of each building was calculated for moderate exposure
to damage. This type of damage was defined to be fracture of
the foundation of a structure, and/or fracture of the
supporting frame of a building.

probability of damage ≥ 0.25 . However, based on the
datasets, Zone II buildings have less number of storeys and
less number of overhangs than buildings in Zone I. The
higher probability of damage in Zone II may be associated
with the fact that Zone II is an industrial zone, thus the type
of buildings constructed were not meant for high nonfunctional structural strength. For, possibly, that reason; the
BOSOM-LSTM network ranks buildings in Zone II as
having higher fragility index values than buildings in Zone I.

Figure 9. Probability Density Distribution for the Fragility of Buildings in
Mutare City, at 150 seconds Ground Vibration.

Figure 8. Probability Density Distribution for the Fragility of Buildings in
Mutare City, at 300 seconds Ground Vibration.

As shown in Figure 8, Zone I has about 60% of buildings that
have an estimated damage probability of ≥ 0.25 . This
calculation was achieved by determining the area under the
graph within bounded limits. This means that most of the
buildings in Zone I would be significantly affected by a
seismic event of such magnitude and properties. The
presence of overhangs on commercial buildings appears to
expose such buildings to relatively high vulnerability. In
Zone II, about 70% of buildings are observed to have

In Zone III, about 75% of buildings have an apparent
probability of damage ≥ 0.25. This implies that buildings in
Zone III are at the highest risk of considerable damage if a
seismic event of this magnitude and properties were to occur.
Figure 9 shows the fragility index behaviour of the buildings
under a reduced ground vibration exposure period. Due to the
reduced exposure period to ground vibration, at 150 seconds,
the damage probabilities are significantly reduced in all cases.
However, the damage spread across buildings remains
unchanged. This behaviour suggests that the period of
exposure to ground vibration is a predominant factor that
determines the extent of damage.
In real life, though, it appears that seismicity along the EastSouthern Africa Rift System [13] is not excessive, such that
major seismic events like the one under consideration are
rare. Rather, this region appears to be exposed to multiple
low-level seismic events per year, as can be inferred from
historical data. This reality suggests that buildings would not
face heavy levels of damage in a single massive incident, at
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least according to available data. Instead, buildings (and
infrastructure in general) appear to face accelerated gradual
deterioration due to low-level, multiple seismic exposures.
Running the BOSOM-LSTM hybrid technique on data that
includes the road network and rail system, a starkly different
set of results was obtained. Figure 10 presents the fragility
index behaviour of the road and rail networks when exposed
to PGA of 3.034 m/s2, amplitude of 0.92 cm and vibration
duration of 300 seconds. It was observed that both the road
network fragility and rail network fragility were very low
compared to fragility of buildings in all zones, averaging at
≤ 0.3500. Further, by calculating the area under the curves,
95% of the road network has probability of damage ≤ 0.25,
and 90% of the rail network has probability of damage
≤ 0.25. This performance appears to be attributable to the
allowance of expansion in both the road network and rail
network. The concrete and sulphate mixture materials used
for construction of roads appear to allow for expansion so
much that vibration with PGA at 3.034 m/s2, and amplitude at
0.92 cm is well tolerated. Similarly, the rail network was
constructed with allowance for expansion, thus, it appears to
tolerate ground vibration at the aforementioned parameters
very well.

Figure 10. Assessed Fragility of Road and Rail Networks by the BOSOMLSTM Network, using a Probability Density Function.

This observation, on the road and rail networks, is
remarkable considering that both networks are old, and have
had limited maintenance over decades. The road and rail
networks length considered in this analysis span a total
distance of 150 km each. Intuition would conclude higher
probabilities of damage than observed in these networks,
given the poor maintenance of the networks over decades,
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however, the BOSOM-LSTM hybrid technique estimates
considerably lower probability of failure, thus lower
vulnerability. Figure 11 shows a map of Mutare City
demarcated into three zones, following the zones provided in
the datasets. The different colour schemes show the rated
probability of damage across the zones. The road and rail
networks are included in the colour coding scheme in this
figure. As may be observed from this simulated seismic
scenario, the seismic event parameters were held reasonably
higher than historical cases recorded in the Eastern Highlands
region of the country. Still, with these high seismic properties
under assessment, the effective vulnerability of the nearest
city (Mutare) was observed to be significantly low. These
vulnerability results present a conclusion that there may not
be a dramatic seismic event capable of inflicting huge
instantaneous damage in the near future. Rather, a more
likely consequence is that the multiple low level seismic
activities in this region may cause accelerated rates of
deterioration of buildings and infrastructure. As shown in
Figures 8 and 9, most buildings are capable of withstanding
the simulated seismic event, and even more so the multiple
low intensity seismic activities that are prevalent in this
region. However, for long term planning, and for the
construction of buildings with longevity in mind, the results
observed here show that the low-intensity multiple events are
capable of inducing rapid deterioration (ageing) to structures.
It is possible to correlate the accelerated deterioration of
structures (infrastructure) to the multiple low-level seismic
activities in this region. However, the data obtained did not
provide sufficient consideration for structural ageing, thus a
conclusion cannot readily be determined on the impact of
multiple low-level seismic events. Despite the lack of
conclusive evidence, there is enough and sufficient evidence
to draw upon for this observation, as can be interpreted from
Figures 8, 9 and 10.
The effect of “quality of construction” (P4) is significant in a
building’s (structure’s) response to ground vibration. This
property (P4) was evaluated using a sliding scale from 1 up to
10, with 10 being the best construction quality, by engineers
who regularly visit buildings for assessments. From
BOSOM-LSTM results, quality of construction (P4) is one of
the predictors of a building’s strength against external forces,
and tolerance against ground vibration. From results in
Figures 8 and 9, it may be observed that buildings in Zone I
have the best performance against ground vibration, possibly
owing their performance to their quality of construction.
Thus, they have the least fragility against ground vibration.
This observation is made despite the fact that buildings in
Zone I have the most number of storeys (floors). Further, this
observation reveals that fragility of reinforced concrete based
structures is affected, not just by one variable, but by a
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number of intertwined variables. However, the “quality of
construction” (P4), quality of reinforced concrete, and spread

of weight (in the case of overhangs) are all predictors of
vulnerability on a building.

Figure 11. BOSOM-LSTM Fragility Map for Mutare City by Zones.

8. Conclusion
This paper successfully showed the applicability of the
BOSOM-LSTM network in seismic vulnerability analysis.
The results further showed, successfully, that the BOSOMLSTM hybrid technique is extensible, by adopting a
configuration uniquely applicable in the considered case
study. The limitation, immediately observable in this work, is
that the BOSOM-LSTM network has a dependence on
manual configuration, in order for it to be set up for use.
The extent to which results of the BOSOM-LSTM network
may be influenced by the use of manual configuration of
parameters was not investigated. The reason for not
investigating the impact of such manual configuration is that;
such investigations were deemed to be a question of
determining conditions necessary for optimising the
BOSOM-LSTM network. In contrast, this study sought to
establish applicability of the BOSOM-LSTM network,
despite lack of optimality in a configuration.
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