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Abstract 

The Nigerian electricity distribution sector is presently embattled due to the high and surging 

demands for grid electric power particularly in the urban cities. Smart grid applications have 

been identified by industry experts as candidate solution for salvaging the current power 

situations in such situations. This paper presents a novel neural machine intelligence technique 

known as auditory machine intelligence (AMI), for smart grid applications for dynamic load 

prediction. The proposed system was simulated on a test power system in the Nigerian Port-

Harcourt Power Distribution zone in Nigeria using a dynamic modeling environment where 

the load profiles are generated through time and predicted by the AMI system. The generated 

load distribution profiles are subsequently cast as a time series problem and then further 

validated using two state-of-the-art neural techniques. Comparative results with the Long 

Short-Term Memory (LSTM) and Hierarchical Temporal Memory (HTM) neural techniques 

showed that the AMI is competitive with the LSTM with an improvement factor of about 0.5 

and outperforms the HTM by a factor of about 2.0.  
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1. Introduction 

Smart grids are one of the major modern developments in the electric power industry that builds 

on the integration of the information technologies with power system equipment (Beg, 2016; 

Yang, 2019). As digital solutions in the power network, they serve to improve the overall 

delivery of grid products and services, which in turn can be useful for accelerated and effective 

documentation of power system data and distributed power generation planning (Reka and 

Dragicevic, 2018; Resch et al., 2017). Thus, as stated in Yang (2019), “the intellectualization 

of distribution network cannot be realized without the support of various subsystems in the 

smart grid” (Fang et al., 2012, p. 207).  

     A primary function of Smart Grids (SG) is to ensure the control, protection and energy 

management of existing power infrastructure through automatic control systems (Yang, 2019), 

SG are also expected to able to forecast reliably the peak power demands in a given power 

system network. As a consequence of this requirement, SG operators utilize computing 

programs that leverage on sophisticated electronic hardware and advanced software suites to 

ensure timely and reliable predictions and control of the SG operating parameters. As 

mentioned above, an important functionality required of SG systems is load forecasting where 

the demand for a given network must be estimated in advance prior to power delivery to feeder 

points. This function is a challenging area due to the evolving nature of power network load 

feature data in addition to its variability, a situation largely due to the variable power demand-

supply operations that occur as power system consumers utilize the grid supply (Cui and Zhou, 

2018). This presents an active area of research on smart solutions for improving the reliability 

of power supply in national or regional grids. 

     For load forecasting in an SG, there are a number of available techniques and it is beyond 

the scope of this paper to discuss all of them. Nevertheless, an important promising area of 

research and applications is in the use of neural networks inspired techniques for forecasting 

electrical loads. Some of these techniques are based solely on biological/neuroscience 

principles while others use a marriage of mathematical and biological principles; in terms of 

computational machine intelligence. These techniques may be broadly described as machine 

learning (ML) techniques. The techniques based on pure neurobiological principles actually 

use a constrained version of the operating principles behind the neurons in the human neocortex 

to simulate a pattern prediction. Examples of such techniques are the Spiking Neural Networks 

(SNNs) that utilize spike-timing features in their learning and neuron activations (Awad and 

Khanna, 2015), Cortical Algorithms (CA) such as the Hierarchical Temporal Memory (HTM) 

proposed in (Hawkins et al., 2016), and hybrid structures of the HTM based on the Learning 

Intelligent Distribution Agent (LIDA) machine (Franklin and Patterson, 2006). Other 

traditional state-of-the-art techniques are based on highly mathematical algorithms or formulae 

and include the Long Short-Term Memory (LSTM) approach, and its scaled down equivalent 

– the Gated Recurrent Unit (GRU) neural networks (Hochreiter and Schmidhuber, 1997; Cho 

et al., 2014). 

     A strong argument in favor of neurobiological techniques for load forecasting in SGs is 

based on the premise that they are modeled closely to real operational behavior of the human 

brain and, as such it is expected that these techniques should give more accurate results. In 

particular, it is pertinent to note that the traditional techniques utilize a very complicated 

training procedure which does not favor implementation in real time smart system embedded 

microprocessor boards. Thus, there is a dire need to develop more responsive models that can 

adapt to changing hardware-software system requirements. Thus, in this paper, we present a 

novel neurobiological technique with constrained features called the Auditory Machine 

Intelligence (AMI), as an electrical load forecast strategy in smart grids. This technique 

specifically mimics the mismatch negativity effect that occurs during stimulated auditory 

processing in the brain, and by taking advantage of this feature, the AMI is able to make timely 

predictions in a real time variability adaptive manner. 
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     In Section 2, we present some key related smart grid application researches in the context 

of load forecasting in power distribution networks. Section 3 presents the philosophical and 

operational details of the proposed AMI neural technique. Section 4 presents the experimental 

details and results using the AMI technique in standalone real-time simulation/emulation 

models and thereafter comparing the proposed technique with two state-of-the-art neural 

techniques - the LSTM and HTM where the sole purpose is to validate the competitive nature 

of the AMI with existing traditional and neurobiological techniques with generated time series 

dataset. Finally, Section 5 concludes the paper with a discussion of some possible future 

directions, as well as some limitations of the proposed AMI neural technique.  

 

2. Related Works 

Smart grid load forecasting is a promising area of power system research due to its role in 

coordinating effective demand-response programs and in the optimization of power system 

generation and supply to meet real time changing demand. As a result various researches have 

been conducted worldwide to improve supply-demand forecasting and matching performance. 

Some of these techniques use purely mathematical or statistical rules while others use the 

Artificial Intelligence (AI) techniques to mine and predict features of a load profile. In Saleh 

et al (2016), several machine learning (ML) classification techniques including the use of 

Genetic Algorithms (GA), Rough Sets (RS), Naïve Bayes network (NB), and k-Nearest 

Neighbors (kNN) was proposed for Smart Grid (SG) load forecasts. Their strategy called the 

Hybrid Features Selection (HFS) was based on three key operations: outlier rejection for 

rejecting bad feature data, feature selection technique to extract relevant features, and 

estimation model for making load forecasts. Their technique was applied to a modification of 

the EUNITE competition dataset - a seasonal dataset with daily and weekly periodic patterns, 

with modification to incorporate events from real world distribution feeder conditions in Egypt. 

The results using their proposed strategy showed better performance over some existing 

forecast methods such as Back-Propagation Artificial Neural Network (BPANN), Auto-

Regressive Integrated Moving Average Change (ARIMAX), k-Nearest Neighbor (KNN), and 

a combination of k-Mean and KNN.  

     In Bassamzadeh and Ghanem (2017), data driven techniques based on Bayesian Network 

(BN) stochastic model was used to forecast load demand at multiple resolutions (spatial and 

temporal). The BN technique use the Bayesian Discrete Evaluation (BDeu) scoring metric and 

tabu search for optimal network structure search. Their proposed technique was applied to real 

time data obtained from smart meter readings in a distribution location in the United States. 

The results using the BN approach showed that slight improvements will be obtained using the 

Gaussian equivalent of the BN while conflicting causal interpretations in temperature–demand 

and price–demand variables are reported for both the Discrete and its Gaussian equivalent 

respectively.  

     In Davatgaran et al (2019), a recursive bi-level strategy including a Distribution System 

Operator (DSO) grid scheduler and an Energy Management System (EMS) energy-hub 

consumption/production estimator. The EMS specifically schedules energy hubs based on its 

received signals from DSO and forecasted load data. The use of the forecast data in addition to 

the DSO optimization was shown to save cost of operating the smart grid system. In 

Ghahramani et al (2019), day-ahead scheduling of a smart grid distribution system based on a 

probabilistic technique - Hong’s 2-point estimate technique (T-PEM), was proposed in order 

to minimize total cost of energy/reserve and tackle the problem of load consumption/load 

resource (wind power) generation. Zeng et al (2019) presented a load control strategy based on 

Battery Energy Storage Systems (BESSs) while incorporating a Weighting Coefficient 

Queuing (WCQ) algorithm in a smart grid. Their proposed control strategy showed promising 

results as the BESS control strategy closely matched target load profile under different 

scenarios. Also at different temperature settings, they showed that the WCQ-BESS control 
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strategy will estimate a drop in power consumption and at a constant temperature of about 

25oC, the demand response capability of the system is greater. 

      Some other related researches in the area of smart grid load forecasting include the use of 

blockchains and smart contracts based on consensus mining and game theoretic approaches for 

estimating energy transfers and energy scheduling (Li et al., 2019; Noor et al., 2018), the use 

of Smart Multi-Energy Management Systems (SMEMS) to make precise forecasts of the output 

powers of Photo-Voltaic (PV) and Wind Turbine (WT) systems (Ma et al. 2018), demand-

response scheduling using a Mixed Integer Linear Programming (MILP) based on the CPLEX 

method (Nan et al., 2018), and load demand forecasting for smart grid and buildings (Raza and 

Khozravi, 2015). 

     From most of the aforementioned smart grid load forecasting strategies, it is evident that 

most researches are based on simulation using publicly available electricity distribution load 

consumption feature data or field data obtained from smart devices. While these approaches 

provide a promising attempt at load forecast within smart grid (SG), it does not however capture 

a real-time simulation scenario where such forecasts can be performed online, i.e. where load 

forecasts can be made in a continual manner using a grid embedded load forecasting. Following 

from a previous research in (Osegi et al., 2020c), in this research, a dynamic real-time 

simulation model is presented to facilitate real time smart grid load forecasting in an 

operational power distribution network. This model is intended to emulate the integration of 

embedded sensors or modules as predictors of load demand or consumption through time and 

to demonstrate the feasibility of our proposed AMI technique as primary predictor algorithm, 

for which it is almost intractable for existing state-of-the-art neural or machine learning 

techniques to be deployed as such. Also, the assumption that large samples of dataset are 

needed for reliable predictions is not always feasible in practice as there is often a need to make 

effective predictions for small data time series at say a few 100 points or less. Thus, adaptive 

algorithms that can adjust predictions between large and small data samples are largely 

desirable for real time distribution systems. 

 

3. Auditory Machine Intelligence 

Auditory Machine Intelligence (AMI) is a neurobiological based machine intelligence neural 

technique that uses auditory inspired approach to continually predict a sequential or time series 

data through time. The AMI exploits the properties of the mismatch negativity effect (MMN) 

effect and in addition, it attempts to capture a small set of intelligent processing functions that 

occur in mammalian auditory cortex in software and is based on an earlier work presented in 

(Osegi and Anireh, 2016). The MMN is a differential neuronal response to a repetition of 

stimulus presentations called the standards and an oddball or deviant stimulus signal called the 

deviant (Takaura and Fujii, 2016). MMN exhibits very important high level cognitive processes 

that are needed for intelligent behavior (Näätänen et al., 2007). 

     It has been shown through recent experiments on macaque monkeys using electro-

corticography and in the context of the roving odd-ball that the MMA (corresponding MMN 

effect in animals) exhibits Specific-Stimulus Adaptation (SSA)  properties including cortical 

response to deviant stimulus (odd-balls) over a wide area of cortical regions (Takaura and Fujii, 

2016). In (Sollini et al., 2018), it has also been shown via neuronal simulations that functional 

reorganization of the receptive fields in mature primary auditory cortex will occur when 

subjected to appropriate frequency fine-tuning and exposure of the cortical front (ON/OFF) 

receptive fields to sound waves. This is largely because in developing auditory cortex, the 

ON/OFF receptive fields sensitivity to sensory signals (frequency modulated tone sweeps) can 

be explained by using a simple universally accepted hebbian rule. A visual concept of the 

frequency tuned learning property for functional reorganization is as shown in Fig.1. In the 

visual, the large white blob represent a neuron, excitatory and inhibitory ON synaptic weight 

inputs are indicated as green, open and filled blobs, while excitatory and inhibitory OFF inputs 

are indicated as red, open and filled blobs. As can be seen from Fig. 1, after hebbian learning, 
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there is a divergence in the synaptic weight inputs (indicated by the thick dark connected 

arrows) to the processed or simulated neuron (now grey). The principles of the operation of the 

AMI are described in Sections 3.1 and 3.2. 

 

 
 

Fig.1. A Visual of a frequency-tuned hebbian learning concept in 

A1 (Sollini et al., 2018). 

   

 

3.1 AMI Principle  
AMI is inspired by MMN theory (Näätänen et al., 2007; Näätänen et al., 1978; Lieder et al., 

2013a, Lieder et al., 2013b; Takaura and Fujii, 2016) and the theory of functional 

reorganization in mammalian auditory cortex (Sollini et al., 2018). In the context of MMN, the 

Change Detection (CD) theory features more prominently, though there are important 

operational features related to Model Adjustment (MA) theories (Lieder et al., 2013a). 

Furthermore, the concept of functional reorganization as exhibited by a frequency-tuned 

hebbian-like learning mechanism demonstrates the inherent reinforcement strategy employed 

by neuronal agents in mature auditory cortex (Sollini et al., 2018). 

     The AMI algorithm is presented in Algorithm 1. Its operations are conducted in two parts 

namely (Osegi et al., 2018; Osegi and Anireh, 2020a; Osegi et al., 2020b):  

 Phase-1 (low-level) prediction for making a prediction in the current time step based 

on a history of sparse data points in the previous time step. These sparse data points 

correspond to the evoked potentials originally observed in (Näätänen et al., 1978) as 

the “odd-ball”. 

 Phase-2 (high-level) prediction that performs look-ahead predictions several time steps 

ahead.  

     In the proposed smart grid system, a Phase-1 prediction is used to perform single or one-

step-ahead forecasts of streaming power loads or an electrical load time series. A sequential 

time series data generating growth model is used in this research study, which makes the 

following assumptions: 

o Smart grid (SG) loads are represented as recordable/measurable physical electrical 

quantities in units of MW 

o These physical (electrical) quantities occur in a time series for n, number of 

observations. 

o The previous or (n-1)th sample of the time series forms a sequence of historical inputs 

to a sequence learning neural network. 

o The next or (n+1)th samples form a sequence of future value(s) called the prediction 

derived or synthesized by the sequence learning neural network. 
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o Both historical inputs and the predictions are correlated with time such that the time 

series period is a function of the power system loading for a given distribution zone. 

     The AMI primarily performs the forecast or prediction operation using the computation of 

a single learning formula and no specific random fine-tuning is necessary for the data learning 

process. In phase-1 predictions, the AMI learns a sequence of data points (values) 

automatically/temporally in an adaptive manner such that a mean deviant point is computed as 

in (1): 
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where, 

n = number of data points in a temporal sequence 

Sdeviant = the (n-1)th value of the temporal sequence 

Sdev = the difference between Sdeviant and Sstars 

Sstars = the (n-2)th values of the temporal sequence 

S* = sparse set of input sequences 

 

     In order to make a prediction with the AMI, the formula in (2) is used as: 

 

 
)(meandevdeviantpred SSS   (2) 

where, 

 1 

ndeviant SS  (3) 

 2 

nstars SS  (4) 

 

 

1: Initialize Spred, as prediction parameter, Sstars, as input sequences (standards)    

State, Sdev(mean) as deviant mean, j as iteration counter. 

2: for all s s.Sstars, &&  j > 1, do 

3:    Compute Sdeviant and Sstars using equations (3) and (4) 

4:    
starsdeviantdev SSS  // deviations from standards 

5:     Compute Sdev(mean) using equations (1) 

6:     Compute Spred using equations (1) and (3) 

7:      Update Sdev(mean) using Algorithm 2 (refer sub-section 3.2) 

8: end for 

 

Algorithm 1. AMI Processing Algorithm 

 

 

3.2 AMI Learnng Rule 
The hebbian learning rule which is based on the activity-dependent plasticity of selective 

cortical neurons is utilized in the AMI technique. The rule is described as follows: If the current 

prediction error of the AMI neuron is greater than or lower than zero, we reinforce its prediction 

by decreasing or increasing its deviant weight value by the absolute prediction error difference 

at the current time step; otherwise we perform zero or negligible positive reinforcement by 

adding a very small value (deviant-laplacian correction). In cases where exact matches occur, 

a small laplacian correction is used for updating the computed deviant weights through time. 

The learning rule is specified in Algorithm 2. 
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3.3 AMI Neural Processing Structure  
The AMI primary formula as described in Section 3.1 and as outlined in Algorithm 1-2 (sub-

sections 3.1 and 3.2) is as captured in the schematic of Fig.2. In this diagram, mathematical 

formulas are described by the operator sign while the functional modules and a trigger block 

describe key functional routines and time series feature control initializations. The Binary 

Encoder and Binary-to-Integer Transformer modules are used to convert the inputs (Xt) from a 

multivariate to univariate time series. By default, the CD mismatch processing is enabled and 

a trigger control is set to 0. When a transition is needed from a univariate to a multivariate time 

series processing, the trigger is enabled and the MA processing of Xt is called upon; otherwise 

it remains disabled and the CD processing of Xt continues. 

     As can be noticed, an important feature of this neural architecture is the availability of a 

dual-prediction output. The essence of this feature is to account for the two prominent MMN 

properties – the CD property which indexes a response function as a difference between 

sensory observation and an internal generative state and the MA property which permits 

adjustments to be made on the sequence length of a set of sensory observations in accordance 

to a threshold limitation (Leider et al., 2013a). This second property facilitates level-2 

mismatch operations to be performed by the AMI. In most instances of the AMI predictions, a 

univariate time series persists and a CD operation is assumed. Where the time series is of a 

multivariate form, the MA function is called into action through the AMI’s special decoding 

circuit explained above.   

 

 

1: Initialize Spred, as prediction parameter, Sstars, as input sequences (standards)    

State, Sdev(mean) as deviant mean, Sdiff(1) as difference between Spred, Sdeviant+1 and 

Sdiff(2) as difference between Sdev(mean) and |Sdiff(1)|, lp as  correction factor or bias. 

2: for all s s.Sstars do 

3:    if Sdiff(2) > 0 

4:    
)1()()( diffmeandevmeandev SSS  // Weaken deviant mean by a factor, |Sdiff(1)| 

5:        elseif Sdiff(2) < 0 

6:    
)1()()( diffmeandevmeandev SSS  // Reinforce deviant mean by a factor, |Sdiff(1)| 

7:        else 

8:   
pmeandevmeandev lSS  )()(
 

9:    end if 

10:    end for 

Algorithm 2. AMI Learning Algorithm 

 

4. Experimental Details and Results 

The experimental details include the system description for the experiments using the AMI 

technique in a standalone smart grid distribution, as well as comparative experiments with two 

other state-of-the-art neural techniques using system generated electrical load time series data. 

 

4.1 Systems Description 

Experiments were performed in the MATLAB-SIMULINK environment. The experiments are 

based on Port-Harcourt (PH) Diobu Zone section of the Nigerian electric power distribution 

network, and the data for simulations are obtained from the Port-Harcourt Electricity 

distribution (PHED) company of Nigeria that serves the zone. The power systems model in the 

SIMULINK environment is as shown in Fig.3 while the bus considered for analysis in the 

experimental simulations is Bus2 (UST Feeder).  

     Bus 1 (PHTown) is a PV bus and serves as a main feeder to the load buses 2, 3 and 4, and 

is also used as a Slack bus. The system is designed to operate at 0.8 lagging power factor and 
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at a frequency of 50Hz. The bus nomenclature including operational load ratings are also given 

in Table 1. 

 

 

 
Fig. 2. The AMI Neural Structure (Source: Osegi and Anireh, 2020a). 

      

     The power systems simulation model network consists of the following key modules: 

 Prediction Module: This is used for estimating in advance the probable power received 

at a particular bus. This module is based on the auditory machine intelligence (AMI) 

described in the previous section (Section 3). This module is especially coded using the 

Embedded MATLAB function block in MATLAB-SIMULINK. 

 Dynamic load bus: This is used for emulating the variable nature of load in a power 

distribution network. It captures the random states inherent in a typical power 

distribution network load bus and is modeled as a random source block in MATLAB-

SIMULINK. The load buses include B2, B3 and B4 and their system ratings are 

provided in Table 1. The bus under analysis, Bus module B2, is specifically connected 

to the prediction module via the Embedded MATLAB function block. 

 Line Blocks: These blocks model the short lines used in the PH distribution network. 

The lines are L12, L13, and L14 denoting the interconnection between the PV bus (Bus 

1) and the other power system (load) buses; their respective ratings are also given in 

Table 2. 

 

4.2 Standalone System Load Variation Experimental Results 

The experimental results using the AMI in the considered smart distribution power grid is 

obtained by varying the loading at bus 2 using the power demand range provided in Table 1; 

the results are as shown in Fig.4 and Fig.5. System parameters of the AMI used in this study 

are provided in Appendix A.1. The results are compared with the expected (actual) load 

demand values generated in pseudo-real time using the system model of the Port Harcourt (PH), 



Journal of Information Science, Systems 
and Technology, 2021, Vol.5, No.3 
[December], 43-57 [Research Article]  

Osegi, E.N. et al.. / 
Dynamic Load Prediction using Auditory Machine Intelligence for Smart Grid 

Applications: Evaluation in a Nigerian Electric Power Distribution Network / 51  

  

Nigeria Power Distribution Network, as shown in Fig.3. In Fig.4, the simulation acquisition 

steps are defined for 100 data points with 20 data points used as initial sequence set for the 

AMI algorithm; this adjustment ensures a sparse configuration of the standards that are used in 

training the AMI algorithm. In Fig.5 the simulation acquisition steps are defined for 100 data 

points in the AMI algorithm. The results indicate that the system will predict an increase in 

power loading at bus 2 for the first 50 data points after which it predicts a decrease for the 

remaining data points. In particular, increasing the number of training points in the AMI 

algorithm leads to improvements in predictions. This is validated by increasing the number of 

training data points from 100 to 500 (see Fig.6).  

 

 
Fig. 3. Scheme of a section of PH Power Distribution Network in MATLAB SIMULINK. 

 

Table 1. Bus Nomenclature for System Model (see Fig.3). 

Bus Label Bus Name Bus 

Designation 

Load Range 

(MW) 

B1 PH-TOWN PV Bus 45.0-165.0 

B2 UST Feeder Load Bus 20.8-22.3 

B3 Rumuolemeni 

Feeder 

Load Bus 10.0-13.5 

B4 Silverbird Feeder Load Bus 15.0-18.0 

 

Table 2. Line Block Parameters (see Fig.3). 

Line Block Line Resistance 

(Ohms/km) 

Line Length 

(km) 

L12 2.21 15.50 

L13 3.21 22.78 

L14 0.44 3.06 
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Fig. 4. Simulated load prediction response and actual values with 

simulation data points set to 100 and AMI training data points set to 

20. 

 

 
Fig. 5. Simulated load prediction response and actual values with 

simulation data points and AMI training data points set to 100. 

 

 
Fig. 6. Simulated load prediction response and actual values with 

simulation data points and AMI training data points set to 500. 

 

4.3 Comparative Experiments and Results 

A comparative experiment has been performed with respect to the LSTM and HTM neural 

techniques using system generated data form the smart grid distribution model developed (see 

Fig.3). System parameters of these techniques are also provided in the Appendix (Appendix 
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A.2 and A.3 for LSTM and HTM respectively. For the HTM and LSTM, we have used the 

neural model configuration as described in the recent research papers (Cui et al., 2016; Rocki, 

2017) and employed the cross-entropy error as performance metric. This metric is widely used 

in information theory and by the machine learning community as a standard for evaluating 

many empirical distributions (Goodfellow et al., 2016). In the first instance, 100 data points of 

the electrical load time series data were simulated; then the simulation was repeated for 500 

data points. The results are as reported in Table 3. For the experiments with the HTM and AMI 

techniques, we take the mean cross entropy error due to their continual learning feature. The 

HTM and AMI techniques are set to predict 5-steps ahead while the number of steps to unroll 

an LSTM prediction is set to 5. We also use the improvement factor metric for comparative 

evaluations (Anireh and Osegi, 2019). 

 

Table.3. Comparative results of AMI technique with state-of-the-art 

neural techniques 

Neural Technique Errce(100pts) Errce(500pts) 

LSTM 0.0520 0.0328 

HTM 0.1900 0.1800 

AMI (Proposed) 0.0960 0.0960 

Note: Symbols Errce(100pts) and Errce(500pts) represent cross 

entropy rates for the first 100 and 500 data points respectively. 

 

     From the reported result (Table 3), it is obvious that the LSTM technique outperforms both 

the HTM and AMI neural techniques. This is not unexpected as the LSTM possess a 

sophisticated circuitry for handling long-range context sequential data (Cui et al., 2016); in 

particular, the improvement factor of LSTM over AMI is marginal at about 0.5 and thus AMI 

is competitive with LSTM. Also, the AMI outperforms the HTM by a factor of about 1.97, i.e. 

the AMI technique is approximately about two times as good as the HTM. Thus, as a 

neurobiological technique, the AMI should be preferred over the HTM for smart grid load 

forecasting applications.  

 

5. Conclusions and Future Work 

This research proposed a novel machine neural technique, called Auditory Machine 

Intelligence (AMI) algorithm that can be used to achieve load forecasting in smart electric 

network grids. By employing the proposed AMI technique, it becomes feasible to shift the load 

forecast requirement from PC based simulations to real-time embedded simulation/emulation 

platforms. Using several simulation experiments and comparative research with two state-of-

the-art algorithms (LSTM and HTM), this research shows that the AMI algorithm is a 

promising and competitive neurobiological technique that can be used to continually predict in 

advance the power supplied or demanded in a power distribution network. The predictions 

indicate that there will be definitely be a power increase so it is imperative that the distribution 

system operator integrate renewable resources to supplement the energy requirements of the 

grid. 

     This research also presents a first attempt at using an auditory-inspired machine intelligence 

technique for forecasting energy loads in the context of smart power distribution network. 

Future work should focus on studying the effectiveness of the AMI under more challenging 

conditions. For instance, in order to deal with streaming data temporal variations, noise 

robustness is a very important requirement for biological inspired neural techniques. Thus, this 

feature should be studied in the AMI. Though the simulation results of the AMI are promising, 

real time embedded system experiments of the proposed model in real power distribution 

networks are still needed in order to further validate its effectiveness as a timely and memory 

friendly machine intelligence algorithm for smart grid networks. 
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Appendix 

 

Table A.1:  Default AMI Parameters 

Parameter Default value 

Model Adjustment Threshold 0.21 

Sparsity factor 2 

 

 

Table A.2:  Key LSTM Parameters 

Parameter Default value 

Sequence Length 5 

Hidden Neuron Size 10 

Maximum Iteration 1000 

Maximum Epochs 10 

 

 

Table A.3:  Key HTM Parameters 

Parameter Default value 

Number of Columns 250 

Initial Synaptic Permanence 0.21 

Reduct factor 2 

Boost factor 100 

Synaptic Permanence Increment 0.1 

Synaptic Permanence Decrement 0.1 

Number of past sequences used as context 2 

 


