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Abstract 

In this paper, a novel machine intelligence technique, the Auditory Machine Intelligence (AMI) 

is used for predicting temperature patterns and trends of a classroom obtained from a test smart 

bed system. The AMI functions in such a way as to automatically detect predict and air 

condition the ambient temperature in classroom (and any smart space) environment using 

thermal sensors and actuator signals in an embedded systems solution framework. Simulation 

experiments were performed using several continuous time domain trial modes in an embedded 

systems emulator. Comparative experiments were also performed with the related Non-linear 

Autoregressive Neural Network (NARX-NET) and the Long Short-Term Memory (LSTM) 

neural prediction schemes. The results show the novel AMI technique is a promising solution 

for real time test beds in smart spaces and classrooms.  
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1. Introduction 

Smart campus refers to a term that describes a delimited physical area composed of several 

building structures and where a variety of sensors and actuators are present for the automatic 

monitoring of the physical environment (Borgia et al., 2018). In its miniature form, it may 

consists of a smart classroom where teaching and learning occurs. Smart classrooms are indeed 

an important feature in modern teaching and learning as the need to improve the learning 

experience becomes paramount and education administrators seek to provide more competitive 

services to potential students. An important requirement in smart classrooms is the need to 

ensure comfort of students and teachers during the classroom activities, that is, to ensure that 

they perform their activities in conducive stress-free environment that generates minimal 

physical and mental distractions to teaching and learning. Mental distraction from learning in 

classrooms is usually caused by physical discomforts such as too hot or too cold ambient 

temperatures that lead to mental instability and poor learning. 

       There are a quite a number of interesting smart classroom applications to support and 

promote teaching and learning delivery and administration in smart classroom contexts. But, 

research on how smart technologies can be used to improve the environmental conditions of 

smart classrooms are scarce. Hence, the objective of this research is to study the thermal 

conditioning application in the context of smart classroom environments. This objective is 

based on the premise that it should be possible to build comfort into classrooms and school 

campuses using smart technologies that intelligently employ machine learning methods to 

automatically and continuously assure optimal ambient environments in smart classrooms. 

 

2. Research problem and Objectives 

Student comfort plays a very important role in learning. Hence, ambient temperatures is 

conducive to effective learning requirement in any classrooms, more so smart classrooms are 

needed in order to reduce the risk of learner failure. In both cold and tropical regions, the use 

of fossil fuels for powering air conditioning systems is common, which is costly and 

environmentally unfriendly. It also warrants efficient energy use management whereby a room 

air conditioner system need to be repeatedly turned on or off in order to assure appropriate 

temperature settings depending on the prevailing temperature conditions in order to maximize 

the comfort of students as well as optimising energy usage.  

       This research is therefore inspired by the need to provide a predictive mechanism that can 

optimize the comfort of classroom users by providing timely forecast of ambient classroom 

temperature from thermal sensors, while conserving the energy resources available to the air 

conditioning (AC) equipment. The sensors would generate univariate data continually which 

would then be fed through a neural network to connected air conditioning equipment. 

Unfortunately, the existing neural schemes based on Artificial Neural Networks (ANN) are not 

real-time compliant due to their inherent complexity and the rigid procedures of always 

requiring training and testing datasets for enhancing predictions. ANNs also lack the continual 

learning property of real neural tissue as evidenced in the brain. In addition, there are limited 

researches that apply ANN or other neural algorithms and procedures in the real time smart 

classroom temperature conditioning context. Thus, the primary objective of this research is to 

build a neural machine intelligent simulation system for continually predicting the temperature 

in a given classroom. Using these predicted signals, it is then possible for the system to send 

the necessary command signals to optimally control the AC equipment. 

 

3. Related works 

Quite a number of research studies on smart classroom applications have evolved some of 

which include the investigation of the efficacy of smart classrooms for improving learning 

experiences (MacLeod et al., 2018). Shen et al. (2014) also investigated how Near Field 

Communication (NFC) devices can be applied in the Smart Classroom context for classroom 

attendance management automation. The benefits of such systems include real time student 
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feedback, intelligent location, intelligent monitoring of learning progress, name visualization 

and remote course performance monitoring. Uzelac et al. (2018) proposed a smart classroom 

system that allows the classification of student’s satisfaction against lecture quality based on 

certain physical parameters. Sutjarittham et al. (2019) developed a very interesting smart 

campus system application for the prediction of classroom attendance and for optimally 

allocating classes so as to resolve the classroom underutilization problem. The system used 

several machine learning artificial intelligence (ML-AI) techniques including Multiple 

Regression, Support Vector Regression for course attendance data prediction and a Constrained 

Programming (CP) optimization AI technique for optimal classroom allocation. Course 

attendance data was obtained from over 250+ courses in real-time based on a variety of people 

detection sensors installed in 9 real classrooms. The simulation obtained a prediction Root 

Mean Square Error (RMSE) of 0.16, and the authors reported 10% savings in classroom usage 

costs with very low risk of classroom overflow occurring. Bakken et al. (2017) studied the 

benefits of a smart classroom based Natural Text-to-Voice and Voice-to-Text software systems 

for supporting learners with disabilities. The authors reported better learning and 

understanding, as well as positive ratings for students with disabilities interacting with such 

natural smart sensing software compared to comparable Windows and Google Docs voice/text 

software. 

       However, a pertinent issue faced in a smart classroom is in the need to improve the ambient 

conditions of the learning environment and thereby students’ rate of learning. Hence, 

automated prediction and interventions to moderate the thermal environments of smart 

classrooms comfort is gaining traction (Aghniaey et al., 2019). In particular, there have been 

some recent researches in temperature prediction applications for smart classrooms. For 

instance, in Alberti et al. (2018a, 2018b) a Non-linear Autoregressive Neural Network (NARX-

NET) was used for air temperature prediction from a combined real and artificial temperature 

time series datasets obtained from classroom buildings. In their proposed approach, the NARX-

NET neural model was built (trained) from a large sample of 71,901 temperature data points; 

then the model was tested on a much smaller sample data of real world temperature values. 

Also, in Paudel et al (2019) the Long Short-Term Memory (LSTM) neural technique was 

proposed for the prediction of condition parameters in classroom such as temperature, humidity 

and luminance in a context-aware energy saving system. The problem with the aforementioned 

neural prediction techniques (NARX-NET and LSTM) is the need for very large datasets, the 

requirement of training and test procedures, and the excessive hyper-parameter tuning 

requirement. These requirements are often not feasible in practice. Indeed such networks are 

prone to very long training times and are not ideal for real time sensing applications. 

 

4. Methodology 

The proposed smart classroom thermal conditioning system methodology is primarily based 

on the technique of auditory inspired machine intelligence proposed in Osegi & Anireh (2019). 

The technique is inspired by mismatch negativity (MMN) effect principle and operations in 

mammalian auditory cortex, (Takaura & Fujii, 2016; Näätänen et al., 1978, 2007; Lieder et al., 

2013a, 2013b; Sollini et al., 2018).  

 

4.1 Auditory machine intelligence 

Auditory Machine Intelligence (AMI) is inspired by neural activity in auditory cortex and 

mismatch operations in mammals due to odd ball stimulus to give timely and deterministic 

predictions (Sollini et al., 2018; Näätänen et al., 1978). It was originally introduced in Osegi & 

Anireh (2016) under the name “Deviant Learning Algorithm” and in Osegi et al. (2018) in the 

context of a collaborative web-of-things (WoT) framework. There are basically two phases in 

the AMI: a Phase-1 or single-step prediction in which the AMI learns the trends in data 

continuously, point-by-point or sequence-by-sequence, and a Phase-2 prediction where the 
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AMI makes a forecast several time steps ahead. For most applications such as for univariate 

time series prediction, the Phase-1 stage is sufficient and this is used in this research. 

 

4.2 Phase-1: Prediction methods 

Auditory Machine Intelligence (AMI) uses a single learning formula to learn a sequence of 

data points or sequences temporally in an adaptive manner in such a way that a mean deviant 

point is computed. This deviant is expressed as in (1): 
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Where: 

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 

n = number of data points in a temporal sequence 

 

       The AMI, then makes a prediction in any next time step as: 

 )(meandevdeviantpred SSS   (2) 

       where, 

 1 

ndeviant SS  (3) 

 2 

nstars SS  (4) 

 

       The AMI algorithm is implemented as follows 

Step1: Initialize Spred, as prediction parameter, Sstars, as input sequences (standards) 

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

Step2: for all ss.Sstars, &&j> 1, do 

 Compute Sdeviantand Sstars using equations (3) and (4) 

    such that: 

starsdeviantdev SSS  // deviations from standards 

Step3: Compute Sdev(mean) using equation (1) 

Step4: Compute Spred using equations (2) 

Step5: Update Sdev(mean) using Hebbian Learning 

 end for 

 

5. System modelling 

The system model for the proposed AMI-based temperature conditioner is as shown in Fig.1. 

In this model there are basically three main modules: 
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Fig.1. AMI Systems Model Concept for Thermal Conditioning of Smart Classroom 

 

       Module 1: The Input (Sensor) Module; this module uses a thermal sensor and heat 

source to model the temperature effects in ambient space.  

       Module 2: The Embedded Module; this module uses the AMI technique described earlier 

to model the intelligent monitoring and predictive conditioning capabilities of the system. 

The embedded solution is intended to work in a standalone mode. 

       Module 3: The Output or Control Module gives the output result and switching of the 

system; predicted vs. actual and any other signal necessary for conditioning e.g. via an 

electric fan through electronic relays. 

       In Fig.1, signals (air temperature signals) are detected by sensor module, which performs 

the necessary signal transformation from physical to electrical or in case of emulation, its 

numerical equivalent. The converted signal is then fed to embedded module for intelligent trend 

processing. In Embedded module, an AMI program is used to decode the possible future state 

of temperature signal in advance such that any predicted temperature control signal greater than 

a pre-set tolerance value (Th) activates a cooling fan or air conditioner via electronic relays. 

The following key assumptions are made by the proposed thermal conditioner system: 

i) The ambient air temperature signal of the classroom is generated by single body 

model. This simplifies the model prediction process as a univariate prediction 

task. The continuously sensed temperature is therefore the only variable. 

ii) Which implies that the influences of wind effects on temperature are negligible. 

iii) And that humidity effects are also negligible. 

       These assumptions are recognized as limitations of the current research, to be addressed in 

future work on AMI program.  

 

6. Experiments 

 

6.1 Implementation details 
The smart classroom thermal conditioning is implemented using the MATLAB/SIMULINK 

language and modelling environment. The schematic of the system used for initial experiments 

and data generation is as shown in Fig.2. 
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Fig.2. Schematic of Smart Classroom thermal conditioner 

 

       In the schematic, the thermal effects are captured by three key blocks: A Heat Flow Change 

(HFC), Thermal Mass (TM) and Ideal Heat Flow (IHF) Source blocks. The HFC block is 

modelled as a uniform random number variable from between -10 to + 10. The TM block is 

defined as a body with a weight of 1kg, specific heat of 10J/kg/K and an initial temperature 

setting of 300oK. The IHF block is a representative flow model for heat flows through a 

medium. The HFC block signals drive the IHF block which in turn is used to modulate the 

signals emanating from TM block. Temperature sensing is done by an Ideal Temperature 

Sensor (ITS) and the signals are converted to the appropriate numeric equivalents through a 

Physical Signal (PS) to SIMULINK signal. Following the aforementioned operation, the 

Embedded Module, defined as an Embedded MATLAB function block, uses AMI program 

(without learning) to find trends in data and make classroom temperature predictions in 

advance. The Embedded Module (EM) processing code is provided in Appendix A. It is 

imperative to note that this code is also universal enough to be applied to different types of 

time series domains. After the prediction processing operations, the system control and actuator 

functions are called into action using appropriate relational blocks constrained to a pre-set 

temperature threshold defined as 27oC. Data and model of the simulations are provided in 

MATLAB central repository. 

 

6.2 Results 
The simulation results for three different trial runs of 10, 50 and 100 points (duration settings) 

are presented in Figures 3, 4 and 5 respectively. These results are performed using the Variable 

step ode23t (Mod.stiff/Trapezoidal) solver set in the configurations parameter of the 

SIMULINK system. It is important to note that the simulation data point settings are different 

from the generated data points during simulation. The linear algebra solver of the Physical 

Signal (PS) model is set to sparse to improve the overall system resilience. In Table 1 is also 

presented the results of classification accuracies of AMI based smart classroom thermal control 

system for 10, 50, 100 and 1000 points (duration settings). 
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Fig.3. Predicted vs. actual temperatures using AMI smart bed for 10 simulation trial points. 

 

 
Fig.4. Predicted vs. actual temperatures using AMI smart bed for 50 simulation trial points. 
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Fig.5. Predicted vs. actual temperatures using AMI smart bed for 100 simulation trial points. 

 
 

Table 1. Classification accuracies of AMI-based Smart Classroom Control Logic 

Simulation Trial Run Points CA (%) 

10 83.30 

50 83.12 

100 80.23 

1000 88.40 

Mean 83.76 

 

       From Figs. 3-5, it is obvious that the AMI predictions clearly follow the actual generated 

patterns and this is a clear indication of its line following capability and trend detection 

functionality. In Table 1, the classification accuracies (CA) show clearly that the AMI 

prediction is somewhat predictable but will improve at high simulation data points. 

 

7. Comparative results for AMI, NARX-NET and LSTM 

 

7.1 Experiments with the state-of-the-art neural techniques 

The proposed AMI neural technique is compared to two state-of-the-art neural prediction 

schemes for time series that have been used in the literature for smart classroom temperature 

prediction, i.e NARX-NET and LSTM networks. These networks have been previously 

proposed in Alberti et al. (2018a,b) and in Paudel et al. (2019) for temperature predictions in 

smart classrooms. In this section, the task here is to perform a temperature prediction in the 

next time step using the previous time series values. The results have been interpreted in terms 

of the cross-entropy error rate which is widely applied in the machine learning community 

(Goodfellow et al., 2016). 

       The data for the comparative analyses is generated by the smart classroom conditioner 

scheme (see Fig.2) for different simulation trials as described in sub-section 4.2 (50, 100 and 

1000 duration point settings considered). The data and AMI MATLAB code used for 

comparative simulations are provided in the MATLAB central repository, while the key 

parameters used for the various techniques considered (AMI, NARX-NET and LSTM 

networks) are provided in the Appendix (Appendix B).  

       For the NARX-NET network, 80% of the first input data time series were used as training 

data while the remaining 20% were used as test data. From the Table 2 and based on the default 

values of the various neural techniques (see Appendix B), the AMI outperforms the NARX-
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NET and LSTM techniques. Also the NARX-NET is better than the LSTM for the considered 

trial runs. 

 
Table 2. Cross-entropy error loss (ce-loss) of the neural prediction schemes 

Simulation Trial 

Run Points 

AMIce-loss NARX-NETce-loss LSTMce-loss 

50 0.0317 0.1279 1.8656 

100 0.0183 0.0785 1.5210 

1000 0.0026 0.0120 1.5389 

Mean: 0.0175 0.0728 1.6418 

 

7.2 Hyper-parameter tuning experiments with the LSTM 

Conventional deep neural network architectures such as the LSTM use specific tuning of 

parameters in order to improve performance measures (Cui et al., 2016; Osegi & Anireh, 2019). 

In this section the ce-loss of the LSTM for two different hidden neuron sizes (50 and 100 

neurons). From the Table 3, the LSTM clearly outperforms the NARX-NET technique for all 

trial runs. LSTM also outperforms the AMI technique on the average. In particular, the LSTM 

outperforms the AMI technique for the first two trial runs (50 and 100 trials) while the AMI 

outperforms the LSTM for the third trial run (1000 trials). 

 

 
Table 3. Cross-entropy error loss (ce-loss) of the LSTM neural prediction 

schemes with hyper-parameter tuning. 

Simulation Trial 

Run Points 

LSTMce-loss(50neurons) LSTMce-loss(100neurons 

50 0.0066 0.0035 

100 0.0035 0.0049 

1000 0.0149 0.0054 

Mean: 0.0083 0.0046 

 

Discussion 
From the results presented thus far, it is clear that the proposed AMI technique will clearly 

outperform the NARX-NET technique for all the considered trial runs. Also, the AMI is 

competitive with the LSTM as the trial runs are increased, and irrespective of hyper-parameter 

tuning, the AMI was still able to outperform the LSTM in one of the trial runs. It is important 

to emphasize here that the AMI does not require the use of separate training and test datasets 

to make predictions. There is also no need for hyper-parameter tuning. In particular, it was 

observed that increasing the trial run size and hence the time series data size does not 

necessarily improve the LSTM performance; however, clear improvements are witnessed in 

both the AMI and NARX-NET techniques, which validates the Bigger-Data-Better-Learning 

principle. 

 

Conclusion and Future Work 

In this research, the proof-of-capabilities of a novel AMI machine intelligence technique, 

which is inspired by mismatch negativity effect and auditory processing in mammalian cortex 

is proposed and presented for univariate temperature prediction in smart classroom 

environments. The AMI technique has been compared with two neural predictive techniques 

NARX-NET and LSTM networks. The results are very promising but future work should 

emphasize student learning capacity and other weather parameters such as humidity, wind 

level, etc. in the multivariate context as this can greatly improve class prediction accuracies 

during real life smart control operations. The proposed system should be validated in line with 

other similar state-of-the-art machine learning techniques with more biological plausible 

architectures such as the Hierarchical Temporal Memory (HTM). Also, multivariate studies 
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based on other thermal related real time physical parameters or physical contexts in real smart 

classrooms should be examined from a consensus mining perspective in order to build more 

robust smart classroom solutions and validate the solution proposed in this research. 
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Appendix-A: Embedded Module Source Code (See Fig.2) 

 
function iForecast = fcn(n_o,input_data) 

input_data_a = zeros(1000,1); 

 for i = 1:1000 

 

    input_data_a(i,1) = input_data; 

 

 end 

input_data_n = input_data_a;%[2 3 4 5]'; 

iForecast = 0; 

        [n,c] = size(input_data_n); 

        s = n/2; 

        for i=2:n 

            %if (j>1) 

                    S_n_minus_1 = input_data_n(n-1,:); % Used as the deviant 

                    S_stand = input_data_n(1:n-s,:); % Set of n-standards 

                                                     % s enforces sparsity 

                                                     % i.e. we do not have 

                                                     % to learn to predict 

                                                     % on all the data 

                                                     % points. 

                         S_dev = (S_n_minus_1(1,1)-S_stand(:,1)); %Normal deviation 

                         %S_dev = abs(S_n_minus_1(1,1)-S_stand(:,1));%Absolute deviation 

                         dev_mean_1 = (((sum(S_dev)./(n-1))+S_n_minus_1)-2)/... 

                            (n+1); % Note different formulars may be used  

                                   % but we found this formula just 

                                   % sufficient 

                       iForecast = (dev_mean_1) + input_data_n(n-1,:); 

        end 

           % end 

 

Appendix-B: Default parameters for the AMI, NARX and LSTM techniques 

 

Table B.1:  Default AMI Parameters 

Parameter Default value 

Model Adjustment Threshold, 

Th 

0.50 

Sparsity factor, s 10 

 

Table B.2:  Key NARX Parameters 

Parameter Default value 

Hidden Neuron Size 5 

Maximum Epoch Size 1500 

Input Delay Vector [0,1] 

Output Delay Vector [1,2] 

 

Table B.3:  Key LSTM Parameters 

Parameter Default value 

Hidden Neuron Size 5 

Maximum Epoch Size 1500 

Maximum Iteration 100 

Learning Rate 0.1 

Sequence Length 20 

 


