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Abstract 

This paper presents a novel approach to the prediction of building collapse based on an 

approach called Geno-Generative Model (GGM) which comprises of an evolutionary 

computing approach called Genetic Programming (GP) and a machine intelligence technique 

called Hierarchical Temporal Memory (HTM). This model used concrete compressive strength 

(CCS) as a key prediction parameter. The idea is that if the CCS can be predicted then imminent 

building collapse can be predicted, detected and averted. We compare the results with the 

conventional Artificial Neural Network (ANN) using locally available CCS attribute data. The 

results show an improvement factor of 1.53% over the conventional ANN system reported in 

the literature.   
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1. Introduction 

Over the years, building failure in the country has led to the loss of lives and valuable property 

causing pains to both the families of the affected individuals and the Government of the land. 

In recent times, there has been a sudden increase in collapsing building probably due to 

exponential growth in the country. However, efforts by Government through task committees 

to prevent future occurrences have failed to achieve desired objectives leading to dissatisfaction 

from the populace and the fear of high-rise buildings. As pointed out in Nwobi-Okoye et al, 

(2013) the poor quality of concrete represents one primary cause of failure and total collapse 

of building structures. Building contractors often times fail to adequately monitor the quality 

of concrete used, non-compliance to building codes and the inability to effectively adhere to 

engineering code of practices makes it difficult for industry specialists and Government to avert 

this ultimate disaster. Inspired by how human nature evolves and by neuro-scientific findings 

about the human brain, a Geno-Generative Model (GGM) presents an automated and 

programmatic way of building sparse representations of the world in addition to solving the 

computational problems inherent in complex symbol-based natural and real world problems. 

In the case of predictive systems, GGM offers an opportunity to forestall future building failure 

or collapse. Since the collapse of most buildings is dependent on a number of engineering and 

structural parameters, GGM is well suited for this task. While models based on straight-forward 

traditional codes do work in theory, they tend to fail in practice due to a wide variation in 

environmental and operational details. Thus, models such as GGM make a better choice as a 

useful computational intelligence (CI) tool for building collapse prediction.  

 

2. Related Works 

The field of AI offers an interesting opportunities for knowledge discovery in the construction 

industry – in particular there is the need to programmatically and intelligently discover possible 

mathematical and systematic models that describe the occurrence of physical phenomena such 

as building failure or damage index; which is too difficult to model using conventional tools 

and techniques. In this regard several researches have been conducted. 

     In DeLantour & Omenzetter (2009), an ANN technique was used to assess the capability to 

effectively predict damages to 20 reinforced concrete (RC) frames based on certain observed 

structural and ground motion parameters. This was done with respect to a corresponding set of 

damage indices. Damage data was analytically simulated using a non-linear FEM (Finite 

Element Method) structural analysis program. 2819 examples were generated by the FEM 

programme with 2200 points used for training while 619 points was used for testing the ANN. 

Their ANN approach showed an increasing standard deviation error for increasing complexity 

of unseen test examples when the damage indices were increased. 

     Godfrey et al. (2015) proposed a generative expert system based on a multi-criteria decision 

making analytical hierarchy process (AHP) approach to the assessment of vulnerability of 

buildings in a selected location in Romania affected by hydro-meteorological hazards such as 

landslides and floods. Their experts system based AHP, constructs a weighted representative 

graph of the situation area in order to visually infer the likely building elements at risk through 

a vulnerability curve based on a pre-defined set of vulnerability indices. Their representation 

also follows a three-step multi-criteria evaluation process with initial weighting provided by 

experts in the field of natural hazard risk assessment (see pg. 4113). Their investigations 

suggested variability in generic functions computed from the vulnerability (or damage) curve. 

They were also able to infer a minimal set of causal factors for determining the possible 

outcome (damage state) of a building. 

     Paultre et al. (2016) developed a suit of test procedures for detecting and predicting seismic 

damage to high strength concrete structures. Using classical statistical modelling techniques 

based on Tikhonov regularization; stiffness parameters (elements) were selectively updated to 
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reflect changes in the models damage detection capability. However, inferring points where 

updates are not necessary is a difficult task and ought to be taken into account in such scenarios. 

     Mardiyono et al. (2012) developed an intelligent monitoring system based on the ANN. 

They used dummy dataset for initial validation and then real dataset for a final validation of 

the prospects of ANN in building damage index prediction. They were able to report up to 92% 

prediction accuracy for system alerting using their proposed ANN scheme. 

     In Bayazidi et al. (2014) the advantages of GP have been identified as the ability of the GP 

system to predict the data model symbolically. In particular, they applied the GP technique for 

symbolically determining elasticity and modulus expressions with a multi-gene GP approach 

with very promising results. This last approach shows that it is possible to obtain very good 

results that can be understood by structural engineers using AI techniques such as GP.  

 

3. Methodology 

 

3.1 Model Generation/Predictive Concept based on Genetic Programming 

Genetic programming (GP) formally introduced by Koza (Poli et al., 2008) is an evolutionary 

inspired AI technique based on the genetic evolution – which encourages the Darwinian 

“Survival of the Fittest” paradigm. In a GP system, computer software programs become self-

replicative i.e. they are able to reproduce to produce or generate other (sub-programs). The sub-

programs thus becomes meta-programs of a main program. To facilitate understanding of how 

this phenomenon occurs the technique of single gene GP (SGGP) tree is used (Fig. 1). 

 

 
Fig. 1: An instance of a typical SGGP tree representation (Source: Sumathi, 2010) 

 

      

     In a gene tree, there are leaves and branches. The leaves represent the “terminal set” while 

the branches constitute the functional set.  For a multi-gene GP (MGGP) case this is as shown 

in Fig. 2: 

 

 
Fig. 2: An instance of a typical MGGP tree representation (Source: Pan et al, 2013) 
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Fig. 3: The GP Solution Process (Source: Orove et al, 2014) 

      

     Fundamentally, for a GP model generation/prediction exercise, a random population of 

child programs is first generated from a parent program, then this child programs is then 

evolved through the process of mutation and crossover to obtain a new child population set of 

fitted individuals (i.e. fitted child programs). At a stage in this evolution process a selection 

operation is performed. This general flow of operation is depicted in Fig. 3. 

 

3.2 Generative Model based on the Hierarchical Temporal Memory 

 

3.2.1 Hierarchical Temporal Memory 

Hierarchical Temporal Memory (HTM) is specifically a constrained machine intelligence 

neural network technique for continual learning tasks (Hawkins et al, 2017); its principle is 

based on the formation of Sparse Distributed Representations and then learning to make 

continual predictions from these representations using the theory of biology and neuroscience 

(Hawkins et al., 2010; Hawkins et al., 2017; Osegi, 2020). Most if not all conventional 

Artificial Neural Networks (ANNs) do not possess these important properties; one important 

point to note here is that most ANNs require separate training and testing dataset instead of 

continually learning and predicting on the training dataset. 

     In a typical HTM network, a Spatial Pooler (SP) stage is used to generate Sparse Distributed 

Representations (SDRs) of real world sensory input or synthetic sensory-like data and then a 

Temporal Pooler (TP) stage is used for making predictions on the SDRs formed by the HTM-

SP. These SDRs are the basic data structures of any HTM neural network and capture the 

adaptive learning units used in the neocortex – the seat of intelligence in the brain. The idea of 

SDRs was based on an earlier work on the notion of sparse coding earlier proposed in 

Olshausen & Field (1996) and Olshausen & Field (2004). 
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     An instance of the HTM neuron model is as shown in Fig.4. This neuron model is inspired 

by neuroscience studies of activity-dependent synaptogenesis which hypothesizes that the 

growth and origin of the biological synapses is stimulated by an external sensory signal (Zito 

& Svoboda, 2002). In the diagram of Fig.4, the green blobs denote proximal synapses which 

linearly summed to produce a feed-forward activation while a set of corresponding distal 

synapses are denoted by segments of blue blobs that are typically or-ed (logically summation 

using Boolean algebra) to give a spiking (dendritic) neuron activation when they exceed a 

recognition threshold (denoted by a Sigma sign). It is believed that feedback and context 

experiences are formed using these distal connections. 

 

3.2.2 Spatial Pooling in Hierarchical Temporal Memory 

In HTM, spatial pooling is performed using the notion of SDRs followed by competitive 

Hebbian learning rules, a Homeostatic excitability control, and an overlapping mechanism for 

deriving candidate or winner SDR patterns via inhibition (Cui et al., 2017). SDRs are formed 

by activating or deactivating a set of potential synapses. These synapses are grouped into a set 

of mini-columns and are spread out in a hypercube based on a set of predefined rules.  

     Consider a group of mini-columns with a set of potential connecting logical synapses or 

neurons; these potential connections may be initialized accordingly as: 

 

 
 

Fig. 4: A typical HTM Neuron Model (Adapted from Cui et al., 2017). 

 

 

    ij

c

iji xxj &,;|        (1) 

     where,  

j = HTM neuron location index in the mini-column   

i = mini-column index 

jx = location of the jth input neuron (synapses) in the input space   

c

ix = location centre of potential neurons (synapses) of ith mini-column in a hypercube of input 

space   

  = edge length of jx  

 = fraction of inputs within the hypercube of input space that are potential connections 

ij = represents a uniformly distributed random number between 0 and 1 
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I = an indicator function 

The indicator function is typically described by Eq.2: 

 




 


otherwise

xxif
xx

c

ijc

ij
,0

,1
,;        (2) 

      

     A set of connected synapses are described by a binary matrix, W, which is formulated by 

conditioning the synapses to a permanence activation rule as: 



 


otherwise

Dif
W

cij

ij
,0

,1 
       (3) 

     where, 

ijD = independent and identically distributed (i.i.d) dendrite synaptic permanence values from 

the jth input to the ith mini-column 

c = synaptic permanence threshold 

The i.i.d synapse permanence values are described by Eq.4 as: 

 



 


otherwise

jifU
D

i

ij
,0

,1,0
      (4) 

 

     Where a natural topology exists, neighborhood mini-columns may be inhibited in 

accordance to the relation given in Eq.5 otherwise a global inhibition parameter is simply used. 

 ijyyjN jii  ,|         (5) 

     where, 

iy = is the ith HTM-SP mini-column 

jy = is the jth HTM-SP mini-column 

ji,  = mini-column indexes 

  = inhibition radius control parameter 

 

     For creating associations with input patterns, feed-forward inputs to each of the generative 

spatial mini-columns are computed using a matching technique called the overlap; this concept 

is diagrammatically illustrated in Fig.5. The overlap is computed as: 


j

jijii zWbo         (6) 

     where, 

 ib = is a positive boost factor for exciting each HTM-SP mini-column 

jz = input pattern vector seen by the generative HTM neuron 

 

 

 

 

 

 

 

 

 

 
Fig. 5: An Illustrative concept of Overlap in an HTM-SP (Source: Ahmad & Hawkins, 2015). 
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     Using Eq.6, we can calculate the activation of each SP mini-column as: 

 



 


otherwise

osVoif
a
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 iii NjoV  |          (8) 

     where, 

s = target activation density (sparsity) 

Z = a percentile function 

stim  = a stimulus threshold 

The HTM-SP uses a learning rule inspired by competitive Hebbian learning for reinforcing 

dendrite permanence values (Cui et al., 2017). The learning rule can be calculated from the 

formula given in Eq.9: 

)1( 11   t

ij

t

ijij ADpADpD       (9) 

     where, 
p = positive permanence value increment 

p = negative permanence value increment 
1tA = activation state at time step, t 

 

     Finally, boost updating in HTM-SP follows the homeostatic excitability control mechanism 

comparable to that observed in cortical neurons (Davis, 2006). Boosting is accomplished in 

HTM-SP using the following model equations (Eq.10-Eq.12): 
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        (12) 

     where, 

ia = time averaged activation over the last T SDR inputs,  

T = an integer number denoting the number of Monte Carlo trials to obtain a reasonable 

activation estimate. 

 tai = the current activity of the ith mini-column at time step t. 

 = a positive parameter that controls the strength of the adaptation effect 

 

     As mentioned in (Cui et al., 2017), “such calculations have been used in previous models 

of homeostatic synaptic plasticity” (see Clopath et al., 2010; Habenschuss et al., 2013). 

 

3.2.3 Temporal Classification 

In the proposed HTM system, feed-back associations are built from the HTM Spatial Pooler 

(SP) SDRs using a temporal overlap classifier (Osegi, 2020). The Temporal classifier uses the 

overlap technique which is similar to Eq.6; however predictions are made by performing a 
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match between a set of past SDR observations (used as context) and the current SDR 

observation. The temporal overlaps through time are obtained using Eq.13: 

 

  

t

tctt

j

tc

sp

jNk

sp

jj jkNWWo ,,:)(       (13) 

     where, 

cN = Number of past sample SDRs used as context 

k = size of the temporal aggregated (bi-variate) sequence through time 

tj = temporal aggregation index number 

sp

jt
W = bi-variate SDRs after temporal aggregation 

 

3.2.4 Temporal aggregation of Sparse Distributed Representations 

Temporal aggregation is used in the HTM-SP to build a cause-and-effect data sequence from 

the SDRs formed initially and then used for an overlapping temporal classification (OTC); such 

sequences have been assumed to possess a bi-variate representational requirement – indeed 

HTM using an OTC scheme has been proven to be very effective in certain very advanced tasks 

such as drug discovery (Anireh & Osegi, 2018). In HTM-SP, adding more variables increases 

the degree-of-freedom for making effective overlap matches. The temporal aggregation 

procedure used in the forecast analysis is as follows: 

     Step 1: Form a single-column vector matrix of length 1:N having a with a width of 1, where 

N represents the number of sampled sequences SDRs obtained from the HTM-SP stage. The 

elements in this matrix contain the indexes for temporal aggregation. 

     Step 2: For each element in the matrix formed in Step 1 greater than 1, perform a modulus 

operation such that if a remainder exists for the considered element we skip that element, 

otherwise we select the element; this operation results in single-column vector matrix of length 

approximately equal to 1:N/2. The elements in this matrix contain the set of even indexes in 

the matrix obtained from Step1 at time instance, t. We call this set At(1). 

     Step 3: For all elements in the set At(1), form a concatenation of At(1) with At(1) 1-step behind 

as {At(1)  At-1(1)}; this concatenation represent the temporal aggregator index set. We call this 

set of indexes At(agg). 

     Step 4: Using At(agg) as index sequence, extract SDR patterns obtained from the HTM-SP 

stage in a temporal aggregated fashion and then perform overlap temporal classification 

through time. 

 

3.4 Combining the Genetic Programming with the Hierarchical Temporal Memory. 

Genetic programming (GP) as mentioned in subsection 3.1 is a nature-inspired computational 

intelligence technique. In order to implement a more robust CI technique, we propose adding 

a HTM layer to allow for noise robustness, sparse connectivity and for performing continual 

predictions of genetically modified data. In Fig 6 is illustrated a hybrid system flowchart for 

linking a GP to a HTM-SP which is used for performing continual learning and predictions. 

 

4. Experimental Details, Results and Discussion 

 

4.1 Simulation Environment 

The simulation environment is done in MATLAB, software engineering tool for high 

productivity research (www.mathworks.com). The program consists of two parts: a Genetic 

Programming (GP) main code implemented within a GP framework and a Cortical Learning 

Algorithm main code based on a Hierarchical Temporal Memory Spatial Pooling (HTM-SP) 

framework. 
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Fig. 6: Flowchart of the Geno-Generative system 

 

4.2 Experimental Data 

Experiments are performed using data provided in Nwobi-Okoye et al. (2013). The data 

consists of four predictor variables comprising of four concrete predictor variables as input 

training examples and a decision variable that describes the compressive strength of concrete. 

The predictor variables include the water-cement ratio, cement, fine aggregate, and coarse 

aggregate labeled
1x ,

2x , 3x  and 
4x respectively; the decision variable is the compressive 

strength labeled elCCSmod . 

 

4.3 Task 

The task is to predict the compressive strength of concrete given a sequence of concrete sample 

predictors and automatically generate a symbolic expression model based on these predictions. 

Genetic programming is used to synthesize a symbolic expression model of the input data 

sequence, then when an acceptable error margin is obtained, a new sequence of decision 

examples are generated from the model using a random set of new input (predictor) variables; 

these decision examples are then fed to the HTM-SP part of the system for making continual 

predictions through time (see Fig.6).  
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4.4 Results and Discussion 

 

4.4.1 Performance on model samples 

The system generated model after several modifications in system parameters used is as shown 

in Eq.14. The system parameter used for the simulations are given in the Appendix.  

 

31mod 94.1374.5716 xxCCS el       (14) 

 

The performance of the proposed Geno-Generative system is as shown in Fig.7 corresponding 

to the symbolic regression fitted values against the actual inputs using the aforementioned 

model expression in Eq.14. In this figure, the actual values are closely followed by the predicted 

ones indicating a good visual correlation. 

 
Fig. 7: Performance plot of the generated Symbolic Expression of the Geno-Generative system. 

 

4.4.2 Comparative performance with Artificial Neural Technique (ANN) 

The mean absolute percentage error (MAPE) is used for comparison performances as it is less 

sensitive to outliers. The MAPE is computed as: 
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     where, 

           y = the observed load data 

           ŷ = the model’s predictions of y  

           
zn = size of the observation matrix i.e. rows multiplied by columns, and  

           n = number of the observations. 
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     A novel evaluation metric called the improvement factor proposed in Anireh & Osegi 

(2019) is also used for comparative evaluations indicating a competitive performance of the 

proposed Geno-Generative system over the reported (existing) Artificial Neural Network 

(ANN) technique.  

In this study, the improvement factor is redefined as: 

 0 fa
fa

fa
f

proposed

existing

improve
       (16) 

     where, 

 existingfa  = MAPE value of the existing algorithm 

 proposedfa  = MAPE value of the proposed algorithm 

 

     In this study, we consider the reported MAPE at the model part for computing improvef   i.e. 

as predicted by the GP part of the Geno-Generative system. The performance values (MAPE 

and improvef ) are as shown in Table 1. 

     In Fig. 8, a moving MAPE is captured by the HTM-SP part from the generated GP model 

expression. The MAPE values averages at around 0.22 with a peak value of 0.22 and minimum 

value of 0.06. 

 

Table 1: Comparative Performance Results 

Metric: Geno-Generative (Proposed) ANN 

MAPE 0.0308 1.53 

improvef  0.047 N/A 

 

 
Fig. 8: Moving Average plot of the HTM-SP part of the Geno-Generative system. 

      

     From these values, it is clear that the proposed Geno-Generative Model (GGM) will 

outperform the existing ANN model by a factor of 1.53% and that the continual learning MAPE 

prediction is competitive with results obtained from the conventional ANN used in (Nwobi-

Okoye et al., 2013). 
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5. Conclusion and Future Work 

A novel hybrid evolutionary/machine intelligence technique/system, the Geno-Generative 

Model (GGM) is proposed for predicting building collapse based on the compressive strength 

of concrete (CCS). The system has been applied to a real world dataset obtained in the literature 

and the prediction results obtained is promising. In future we plan to emulate mixture-sequence 

as well where a randomly generated set of new sequences are mixed with the old (model) 

sequences. Other future directions include the use of embedded systems to process the CCS 

predictor variable for real-time building collapse prediction quality control. Such systems can 

be further enhanced by applying a zoning strategy to allow for distributed information 

gathering using a decentralized cloud computing solution. 
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Appendix-A: System parameters for the GP and HTM-SP techniques 

 

Table A.1: GP Parameters 

Parameter Default value used 

Population size 100 

Number of Generations 5 

Tournament size 4 

Depth of Gene tree 2 

Mutation depth 1 

Desired Number of genes 2 

 

Table A.2: HTM-SP Parameters 

Parameter Default value used 

Number of Monte Carlo Runs 125 

Connected Permanence  0.15 

Permanence increment 0.1 

Permanence decrement 0.01 

Boost 100 

Number of Samples Used as Context 1 

 


