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Abstract  

Rapid growth of commercial high-rise construction in the Delhi/NCR composite climate has 
intensified concerns about operational energy consumption, particularly for heating, ventilation, and 
air-conditioning (HVAC) systems. In such buildings, envelope-related parameters---including 
geometry, orientation, glazing, and roof/wall characteristics---strongly influence heating and cooling 
loads, directly affecting electricity demand and carbon emissions. This study proposes a data-driven 
framework that combines a Comprehensive Learning Particle Swarm Optimizer (CLPSO) with a 
multi-output Bidirectional Long Short-Term Memory (BiLSTM) neural network to accurately predict 
heating and cooling loads from building envelope features.The framework follows a complete 
pipeline: data cleaning, exploratory analysis, feature scaling and selection, outlier detection, 
CLPSO-based hyperparameter optimization, BiLSTM training, and comparison with established 
machine-learning algorithms. Using the public "Energy Efficiency" dataset (768 samples, eight input 
features, and two targets), the proposed CLPSO-BiLSTM model achieves a mean squared error 
(MSE) of 3.83 and coefficient of determination (R²) of 0.9633 for heating load, and an MSE of 6.99 
with R² of 0.9245 for cooling load[1]. These results substantially outperform linear regression, 
decision tree, random forest, ridge, and lasso regression baselines evaluated under identical 
conditions.The findings demonstrate that CLPSO-optimized deep recurrent architectures provide 
robust generalization on multimodal, nonlinear response surfaces typical of building-energy 
problems, and they support early-stage design decision-making for energy-efficient commercial 
high-rise buildings in composite climates such as Delhi/NCR. 

Keywords: Energy Efficiency, Building Envelope Design, CLPSO Optimization, Bidirectional 

LSTM, Machine Learning, Commercial Buildings, Heating Load, Cooling Load, Delhi NCR. 

 

Introduction 

Background and Motivation 

Buildings account for roughly one-third of India's total energy consumption, with a significant share 
attributed to fully air-conditioned office towers in rapidly urbanizing regions such as Delhi/NCR[2][3]. 
The thermal performance of these buildings depends strongly on envelope design parameters---form, 
geometry, glazing, orientation, and roof/wall assemblies---which determine internal heating and cooling 
demands and thus HVAC energy use over the building's life cycle[4][5]. Traditionally, architects and 
engineers rely on simulation tools and generic guidelines, but these approaches are time-consuming 
and often unsuitable for fast, early-stage decision-making in resource-constrained contexts[6][7]. 

Recent advances in machine learning (ML) and deep learning (DL) offer powerful alternatives by 
learning complex input-output relationships directly from data, enabling accurate prediction of heating 
and cooling loads from envelope features without repeated simulations[8][9][10]. However, the 
predictive performance of such models depends sensitively on hyperparameter selection and 
optimization; standard gradient-based tuning or grid search can be inefficient and prone to local minima, 
especially under multimodal loss surfaces[11]. 
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Research Objectives 

To address these challenges, this work integrates the Comprehensive Learning Particle Swarm 
Optimizer (CLPSO)---a PSO variant designed for robust global search on multimodal functions---with a 
multi-output BiLSTM network to produce an accurate, data-driven surrogate for heating and cooling 
load prediction in commercial high-rise buildings. The specific objectives are: 

1. To develop a CLPSO-optimized BiLSTM neural network architecture for multi-output energy 
prediction 

2. To evaluate the proposed model's performance against conventional machine learning 
baselines 

3. To identify the most influential building envelope design parameters affecting heating and 
cooling loads 

4. To provide practical design guidance for architects optimizing building envelope parameters 
during preliminary design phases 

5. To validate the approach using real building energy efficiency data applicable to the Delhi/NCR 
composite climate 

Literature Review 

Building Energy Efficiency and Envelope Design 

Energy efficiency in building design has become a critical research domain over the past two 
decades. Bansal and Mathur (2008) established that building envelope design characteristics, including 
orientation, glazing ratios, and shading devices, significantly influence thermal comfort and energy 
consumption in composite climates[12]. Dadia and Parekh (2014) demonstrated that passive design 
strategies incorporating proper building orientation and window-to-wall ratio optimization could reduce 
cooling loads by 15-25% compared to conventionally designed buildings in Delhi/NCR[13]. 

Steemers and Manchanda (2010) emphasized the need for integrated design approaches that 
consider multiple parameters simultaneously rather than in isolation[14]. Traditional design guidelines 
often provide recommendations for individual envelope components without addressing complex 
interactions between parameters. 

Machine Learning for Building Energy Prediction 

The application of machine learning to building energy prediction has expanded rapidly. Zhao and 
Magoulès (2012) pioneered the use of artificial neural networks for building load prediction, 
demonstrating that ANNs outperformed traditional regression models in capturing nonlinear 
relationships[15]. Li et al. (2016) conducted comparative analysis showing that ensemble methods and 
neural networks consistently outperformed simpler statistical approaches[16]. Izonin et al. (2024) 
provided comprehensive methods for predicting energy efficiency of buildings using artificial intelligence 
tools, achieving significant improvements in prediction accuracy[17]. 

Kalogirou (2014) provided comprehensive review of artificial intelligence applications in solar 
energy and building systems, emphasizing the importance of proper data preprocessing, feature 
selection, and model validation[18]. Recent studies by Suguna et al. (2023) demonstrated that machine 
learning methods can effectively assess heating and cooling loads in buildings for maximizing energy 
usage[19]. 

Deep Learning and Recurrent Neural Networks 

LeCun et al. (2015) established theoretical basis for understanding how deep architectures learn 
hierarchical representations of complex data[20]. Hochreiter and Schmidhuber (1997) introduced Long 
Short-Term Memory networks to address the vanishing gradient problem in recurrent neural networks, 
enabling effective learning of long-term dependencies[21]. 

Schuster and Paliwal (1997) developed Bidirectional LSTM architecture by processing sequences 
in both forward and backward directions[22]. BiLSTM networks capture context from both directions, 
particularly valuable for tasks where future information can inform current predictions. Lin et al. (2022) 
proposed a short-term prediction model of building energy consumption based on CEEMDAN-BiLSTM 
method, demonstrating superior performance in capturing temporal dependencies[23]. Wang et al. 



Architectural Image Studies, ISSN: 2184-8645  

2087 

 

(2020) successfully applied LSTM neural networks for building energy prediction in smart grid 
applications[24]. 

Particle Swarm Optimization and Hyperparameter Tuning 

Kennedy and Eberhart (1995) introduced Particle Swarm Optimization as nature-inspired meta-
heuristic for global optimization[25]. PSO demonstrates advantages over gradient-based optimization 
for non-differentiable, multi-modal optimization landscapes. Shi and Eberhart (1998) enhanced PSO 
performance through introduction of inertia weight mechanism[26]. 

Liang et al. (2006) developed Comprehensive Learning Particle Swarm Optimizer (CLPSO), 
introducing competitive learning mechanism where particles learn from best-performing examples 
rather than global or local optima[11]. CLPSO enables each particle dimension to learn from potentially 
different exemplar particles, thereby enlarging the search space and preserving swarm diversity. 
Experiments on multimodal benchmark functions---Rastrigin, Griewank, Ackley, Schwefel, and 
composition functions---demonstrated that CLPSO significantly outperforms multiple PSO variants on 
global numerical optimization. Recent applications have shown PSO-based hyperparameter selection 
methods significantly improve deep neural network performance[27][28]. 

Multi-Output Prediction and Energy Efficiency Datasets 

Caruana (1997) pioneered multi-task learning approaches using neural networks, demonstrating 
that simultaneous training on related prediction tasks could improve generalization through shared 
representations[29]. Zhang et al. (2019) applied multi-output neural networks to building energy 
prediction, finding that multi-output architectures outperformed independent single-output models[30]. 

Tsanas and Xifara (2012) developed the Energy Efficiency Dataset using simulation data from 768 
samples representing diverse combinations of building envelope design parameters[1]. This dataset 
has become a standard benchmark for evaluating energy prediction models in the research community. 

Materials and Methods 

Dataset Description 

The research utilizes the Energy Efficiency Dataset comprising 768 samples with 8 input features 
and 2 target variables representing heating and cooling loads[1]. The dataset was generated through 
systematic simulation of building configurations representing realistic combinations of envelope design 
parameters applicable to commercial buildings. 

Table 1: Input Features Representing Building Envelope Design Parameters 

Parameter Description Range 

X1 Relative Compactness 0.62-0.98 

X2 Surface Area (m²) 514.5-808.5 

X3 Wall Area (m²) 245.0-416.5 

X4 Roof Area (m²) 110.25-220.50 

X5 Overall Height (m) 3.5-7.0 

X6 Orientation (index) 2-5 

X7 Glazing Area (ratio) 0.0-0.4 

X8 Glazing Area Distribution (index) 0-5 

Table 2: Target variables representing annual heating and cooling energy requirements 

Variable Description Range (kWh/m²) 

Y1 Heating Load 6.01-43.10 

Y2 Cooling Load 10.90-48.03 
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Initial examination of the dataset revealed complete data coverage with no missing values initially 
present, providing a robust foundation for model development. 

2012). 

Initial Dataset Shape (Size)                                                            Dataset Sample 

 

 

 

 

 

 

Figure 1: Figure 1: Initial dataset dimensions (768 samples, 8 features, 2 targets) and representative sample 
records showing building envelope parameters with corresponding heating/cooling loads 

Data Preprocessing Pipeline 

Data Cleaning 

The preprocessing pipeline involved systematic data quality checks to ensure reliability and 
consistency of the dataset: 

1. Missing Value Detection: Identified 0 missing values initially in the raw dataset 

2. Infinite Value Handling: Replaced any infinite values with NaN markers for subsequent 
processing 

3. Duplicate Removal: Removed 0 duplicate entries, confirming data uniqueness 

4. Outlier Detection: Applied Isolation Forest algorithm with 10% contamination threshold to 
identify anomalous patterns 

5. Statistical Imputation: Missing values imputed using median strategy to preserve robust 
central tendency 

After comprehensive cleaning procedures, 768 samples remained with complete data across all 
10 variables, maintaining the integrity of the original dataset while ensuring data quality standards. 

 

Figure 2: Figure 2: Distribution of all features after data cleaning with comprehensive summary statistics 
showing central tendency, dispersion, and quartile values 
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Exploratory Data Analysis 

Exploratory analysis revealed important statistical characteristics of the building energy dataset: 

1. Most features exhibited non-normal distributions with varying degrees of skewness, indicating 
complex underlying relationships 

2. Heating load range: 6.01-43.10 kWh/m²; cooling load range: 10.90-48.03 kWh/m² 

3. Surface area metrics (X2, X3, X4) showed high intercorrelation (𝑟 > 0.9), suggesting geometric 
dependencies 

4. Strongest predictive correlations: Relative Compactness with Heating Load (𝑟 = 0.86) 

Table 3: Linear correlation strengths between input features and heating/cooling loads 

Feature Corr(X, Y1) Corr(X, Y2) 

Relative Compactness (X1) 0.86 0.84 

Surface Area (X2) 0.83 0.85 

Wall Area (X3) 0.76 0.78 

Roof Area (X4) 0.71 0.69 

Overall Height (X5) 0.68 0.66 

Glazing Area (X7) 0.52 0.58 

Orientation (X6) 0.31 0.29 

Glazing Distribution (X8) 0.28 0.25 

Feature Scaling 

Two complementary normalization approaches were applied to ensure numerical stability and 
improved convergence: 

StandardScaler (Z-score normalization): 

𝑧 =
𝑥 − 𝜇

𝜎
 

where 𝜇 represents feature mean and 𝜎 represents standard deviation, resulting in zero-mean and 
unit-variance features that facilitate gradient-based optimization. 

Min-Max Normalization: 

𝑥𝑛𝑜𝑟𝑚 =
𝑥 − 𝑥min

𝑥max − 𝑥min

 

scaling features to [0,1] range while preserving relative distances between data points and 
eliminating scale disparities. 

Both normalization strategies were evaluated to determine optimal preprocessing for the BiLSTM 
architecture, with StandardScaler ultimately selected for final model training due to superior 
convergence characteristics. 
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Figure 3: correlation heatmap comparing Pearson coefficients before and after standardization 

Feature Selection 

Variance Threshold Method:  

Applied variance threshold of 0.1 to eliminate near-constant features that provide minimal 
discriminative information. Analysis confirmed all 8 input features retained meaningful variance 
exceeding the threshold, indicating each parameter contributes unique information to energy prediction. 

Mutual Information Analysis:  

Calculated mutual information scores to capture nonlinear dependencies between input features 
and target variables, providing a more comprehensive assessment than linear correlation alone. 

Table 4: Features ranked by mutual information with heating and cooling loads 

Rank Feature MI(Y1) MI(Y2) 

1 Relative Compactness (X1) 0.89 0.87 

2 Surface Area (X2) 0.84 0.85 

3 Wall Area (X3) 0.71 0.72 

4 Roof Area (X4) 0.68 0.66 

5 Overall Height (X5) 0.62 0.61 

6 Glazing Area (X7) 0.45 0.52 

7 Orientation (X6) 0.31 0.29 

8 Glazing Distribution (X8) 0.28 0.25 

The mutual information analysis confirmed that geometric parameters (compactness, surface area, 
wall/roof areas) exert dominant influence on thermal loads, while glazing characteristics and orientation 
demonstrate secondary effects. 
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Figure 4: Figure 4: Mutual information scores quantifying nonlinear dependencies between input features 
(X1-X8) and heating load (Y1) and cooling load (Y2), showing relative compactness and surface area as 
dominant predictors 

Outlier Detection and Data Splitting 

Isolation Forest 

An Isolation Forest algorithm was trained with contamination level 0.1 to identify potential outliers 
representing anomalous building configurations or measurement errors. The algorithm successfully 
classified samples into: 

Table 5: Distribution of inliers and outliers identified by Isolation Forest 

Class Count Percentage 

Inliers 691 90.0% 

Outliers 77 10.0% 

Total 768 100.0% 

Two-dimensional PCA projection visualization revealed clear separation between inlier and outlier 
populations, validating the anomaly detection approach. 
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Figure 5: Two-dimensional PCA projection with Isolation Forest classification  

Train-Test Split 

Data was divided into training (80%) and testing (20%) sets with random seed 42 to ensure 
reproducibility across experimental runs: 

• Training Set: 614 samples (80%) for model learning and hyperparameter optimization 

• Testing Set: 154 samples (20%) held out for unbiased performance evaluation 

Violin plot analysis confirmed representative sampling with similar statistical distributions between 
training and testing partitions, minimizing potential selection bias. 

 

Figure 6: Blue plots comparing feature distributions between training (80%, 614 samples) and testing (20%, 
154 samples) sets, confirming representative sampling 

Proposed CLPSO-Optimized BiLSTM Model 

Comprehensive Learning Particle Swarm Optimizer 

Standard PSO Fundamentals 

Particle Swarm Optimization maintains a population of candidate solutions (particles) that move 
through the search space according to velocity and position update equations: 

𝑣𝑖(𝑡 + 1) = 𝜔𝑣𝑖(𝑡) + 𝑐1𝑟1(𝑝𝑏𝑒𝑠𝑡,𝑖 − 𝑥𝑖(𝑡)) + 𝑐2𝑟2(𝑔𝑏𝑒𝑠𝑡 − 𝑥𝑖(𝑡)) 

𝑥𝑖(𝑡 + 1) = 𝑥𝑖(𝑡) + 𝑣𝑖(𝑡 + 1) 

where: 

• 𝑣𝑖(𝑡) = velocity of particle 𝑖 at iteration 𝑡 

• 𝑥𝑖(𝑡) = position of particle 𝑖 at iteration 𝑡 
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• 𝜔 = inertia weight controlling exploration-exploitation balance 

• 𝑐1, 𝑐2 = cognitive and social acceleration coefficients 

• 𝑟1, 𝑟2 = random values in [0,1] for stochastic exploration 

• 𝑝𝑏𝑒𝑠𝑡,𝑖 = personal best position of particle 𝑖 

• 𝑔𝑏𝑒𝑠𝑡 = global best position found by entire swarm 

CLPSO Enhancement Mechanism 

CLPSO improves upon standard PSO by allowing each dimension to learn from different exemplar 
particles, significantly enhancing diversity and global search capability[11]: 

𝑣𝑖,𝑑(𝑡 + 1) = 𝜔𝑣𝑖,𝑑(𝑡) + 𝑐 ⋅ 𝑟1 ⋅ (𝑝𝑏𝑒𝑠𝑡𝑓𝑖(𝑑),𝑑 − 𝑥𝑖,𝑑(𝑡)) 

where 𝑝𝑏𝑒𝑠𝑡𝑓𝑖(𝑑),𝑑 represents the 𝑑-th dimension of the exemplar for particle 𝑖's dimension 𝑑. The 

exemplar is selected via tournament selection with learning probability 𝑃𝑐𝑖 assigned to each particle: 

𝑃𝑐𝑖 = 0.05 + 0.45 ⋅
exp⁡(

10(𝑖 − 1)
𝑝𝑠 − 1

) − 1

exp⁡(10) − 1
 

where 𝑝𝑠 is the population size. 

Refreshing Gap: Exemplars are reassigned after 𝑚 generations without improvement (typically 

𝑚 = 7 for multimodal problems) to prevent stagnation and maintain exploration capability[11]. 

Hyperparameter Search Space: 

1. Epochs: [50, 300] - controlling training duration 

2. Batch Size: [4, 32] - balancing gradient estimation quality and computational efficiency 

Table 6: CLPSO hyperparameter optimization configuration following Liang et al. (2006) 
recommendations 

Parameter Description Value 

Population size Number of particles 20 

Max iterations Optimization generations 30 

Inertia weight (𝜔) Initial: 0.9, Final: 0.4 Linearly decreasing 

Acceleration (𝑐) Learning coefficient 1.49445 

Refreshing gap (𝑚) Generations before reassignment 7 

Fitness function Validation loss (MSE) 100-sample subset 

Bidirectional LSTM Architecture 

LSTM Cell Mechanics 

LSTM architecture processes sequential information through gated memory mechanisms that 
selectively retain or discard information across time steps[21]: 

Input Gate: 

𝑖𝑡 = 𝜎(𝑊𝑖𝑖𝑥𝑡 + 𝑏𝑖𝑖 +𝑊ℎ𝑖ℎ𝑡−1 + 𝑏ℎ𝑖) 

Forget Gate: 

𝑓𝑡 = 𝜎(𝑊𝑖𝑓𝑥𝑡 + 𝑏𝑖𝑓 +𝑊ℎ𝑓ℎ𝑡−1 + 𝑏ℎ𝑓) 

Cell State Update: 

𝐶𝑡 = 𝑓𝑡 ⊙𝐶𝑡−1 + 𝑖𝑡 ⊙ tanh⁡(𝑊𝑖𝑐𝑥𝑡 + 𝑏𝑖𝑐 +𝑊ℎ𝑐ℎ𝑡−1 + 𝑏ℎ𝑐) 

Output Gate: 
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𝑜𝑡 = 𝜎(𝑊𝑖𝑜𝑥𝑡 + 𝑏𝑖𝑜 +𝑊ℎ𝑜ℎ𝑡−1 + 𝑏ℎ𝑜) 

Hidden State: 

ℎ𝑡 = 𝑜𝑡 ⊙ tanh⁡(𝐶𝑡) 

where 𝜎 denotes sigmoid activation and ⊙ denotes element-wise multiplication. 

Bidirectional Processing 

BiLSTM processes input sequences in both directions to capture comprehensive contextual 
information[22]: 

1. Forward LSTM: Processes sequence from first to last element, capturing forward 
dependencies 

2. Backward LSTM: Processes sequence from last to first element, capturing backward 
dependencies 

3. Concatenation: Outputs from both directions combined to form complete representation 

Proposed Network Architecture 

Table 7: Detailed layer configuration showing dimensions and trainable parameters 

Layer Type Output Shape Parameters 

Input Input (None, 8, 1) 0 

BiLSTM-1 Bidirectional LSTM (None, 8, 100) 20,800 

Dropout-1 Dropout (0.2) (None, 8, 100) 0 

BiLSTM-2 Bidirectional LSTM (None, 100) 60,400 

Dropout-2 Dropout (0.2) (None, 100) 0 

Dense Output Layer (None, 2) 202 

Total   81,402 

Architecture Details: 

1. Layer 1: Input layer (8 features reshaped as sequences of length 8) 

2. Layer 2: Bidirectional LSTM with 50 units per direction (100 total), return_sequences=True for 
temporal processing 

3. Layer 3: Dropout (0.2) for regularization preventing overfitting 

4. Layer 4: Bidirectional LSTM with 50 units per direction (100 total), return_sequences=False for 
final representation 

5. Layer 5: Dropout (0.2) for additional regularization 

6. Layer 6: Dense layer with 2 neurons (Y1, Y2) for multi-output prediction 

Model Compilation: 

• Optimizer: Adam (adaptive learning rate with momentum) 

• Loss Function: Mean Squared Error (MSE) for regression 

• Metrics: Mean Absolute Error (MAE) for interpretable error measurement 
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Figure 7: Detailed architecture of multi-output Bidirectional LSTM network showing input layer, two 
BiLSTM layers with dropout regularization, and dense output layer for simultaneous heating and cooling 
load prediction 

Multi-Output Learning Framework 

The multi-output architecture enables simultaneous training on correlated tasks, leveraging shared 
patterns in the data[29]: 

1. Shared Hidden Representations: Both outputs utilize same BiLSTM layers, enabling transfer 
of learned features 

2. Correlated Learning: Common thermal physics patterns contribute to both predictions 

3. Regularization Benefit: Joint training provides implicit regularization through shared 
parameters 

4. Computational Efficiency: Single training pass produces both predictions simultaneously 

Heating and cooling loads exhibit Pearson correlation of 0.86, strongly supporting multi-output 
architecture effectiveness through shared representation learning. 

Baseline Models and Training Procedures 

Baseline Machine Learning Algorithms 

Six conventional algorithms were implemented for rigorous comparative evaluation: 

Linear Regression: 
Assumes linear relationship: 𝑦̂ = 𝛽0 + ∑  𝑛

𝑖=1 𝛽𝑖𝑥𝑖 

Decision Tree Regressor: 
Hierarchical tree of decision rules through recursive partitioning of feature space. 

Random Forest Regressor: 
Ensemble of 100 decision trees with bootstrap aggregating (bagging) for variance reduction. 

Ridge Regression (L2): 

Linear regression with L2 penalty: 𝐽(𝛽) = 𝑀𝑆𝐸 + 𝜆∑  𝑛
𝑖=1 𝛽𝑖

2 

Lasso Regression (L1): 
Linear regression with L1 penalty: 𝐽(𝛽) = 𝑀𝑆𝐸 + 𝜆∑  𝑛

𝑖=1 |𝛽𝑖| 
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Table 8: Configuration Parameters for Baseline Regression Models 

Model Key Hyperparameters 

Linear Regression Default (OLS) 

Decision Tree max_depth=None, min_samples_split=2 

Random Forest n_estimators=100, max_depth=None 

Ridge alpha=1.0 (L2 regularization) 

Lasso alpha=1.0 (L1 regularization) 

Training Procedures 

CLPSO Optimization: 

1. Initialize PSO swarm with 20 particles representing different hyperparameter combinations 

2. Define search space for epochs [50, 300] and batch_size [4, 32] 

3. Fitness function evaluates validation loss on 100-sample subset for computational efficiency 

4. Run PSO for 30 iterations, tracking global best solution 

5. Extract optimal hyperparameters for final BiLSTM training 

BiLSTM Training: 

1. Reshape data to (samples, timesteps=8, features=1) for sequential processing 

2. Train on 614 samples with CLPSO-optimized hyperparameters 

3. Validation split = 0.2 (122 validation samples) for convergence monitoring 

4. Adam optimizer with adaptive learning rate (default 0.001) 

5. Monitor training and validation loss/MAE curves for convergence assessment 

Table 9: Training Hyperparameters and Settings for the CLPSO-Optimized Bilstm Model 

Parameter Value 

Optimizer Adam 

Learning Rate 0.001 (default) 

Batch Size CLPSO-optimized 

Epochs CLPSO-optimized 

Validation Split 0.2 

Loss Function Mean Squared Error (MSE) 

Metrics Mean Absolute Error (MAE) 

Early Stopping None (full training) 

Training and validation loss curves demonstrated smooth convergence without overfitting, with 
declining trends in both metrics indicating effective learning and generalization capability. 
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Figure 8: Figure 8: Training (blue) and validation (orange) loss curves over epochs showing convergence 
behavior with declining trend indicating effective learning without overfitting 

Evaluation Metrics 

Five complementary metrics assess prediction quality from different perspectives: 

Mean Squared Error (MSE): 

𝑀𝑆𝐸 =
1

𝑛
∑  

𝑛

𝑖=1

(𝑦𝑖 − 𝑦̂𝑖)
2 

Root Mean Squared Error (RMSE): 

𝑅𝑀𝑆𝐸 = √𝑀𝑆𝐸 

Mean Absolute Error (MAE): 

𝑀𝐴𝐸 =
1

𝑛
∑  

𝑛

𝑖=1

|𝑦𝑖 − 𝑦̂𝑖| 

Coefficient of Determination (R²): 

𝑅2 = 1 −
∑  𝑛
𝑖=1   (𝑦𝑖 − 𝑦̂𝑖)

2

∑  𝑛
𝑖=1   (𝑦𝑖 − 𝑦‾)2

 

Mean Absolute Percentage Error (MAPE): 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑  

𝑛

𝑖=1

|
𝑦𝑖 − 𝑦̂𝑖
𝑦𝑖

| × 100% 

Results 

BiLSTM Prediction Performance 

The CLPSO-optimized BiLSTM model was evaluated on the held-out test set (154 samples) to 
assess generalization capability on unseen building configurations. 

Table 10: Performance of the proposed CLPSO-BiLSTM model on test set 

Target MSE RMSE MAE R² MAPE (%) 

Heating Load (Y1) 3.83 1.96 1.46 0.9633 6.29 

Cooling Load (Y2) 6.99 2.64 1.67 0.9245 6.13 

Scatter plot analysis revealed strong agreement between predicted and actual values, with points 
clustering tightly along the 45° identity line for both heating (R²=0.9633) and cooling (R²=0.9245) loads. 
Residual distribution histograms demonstrated near-normal distributions centered at zero with minimal 
variance, confirming unbiased predictions with negligible systematic error.Pearson correlation matrix 
comparing predicted and actual values showed strong diagonal correlations (r > 0.96 for Y1, r > 0.95 
for Y2), validating prediction fidelity across the operational range of building configurations. 
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Figure 9: Correlation Matrix 

 

Figure 10: Figure 10: Histogram of prediction residuals (actual - predicted) for heating and cooling loads 
showing near-normal distributions centered at zero, confirming unbiased predictions with minimal 
systematic error 

Comparative Model Evaluation 

Comprehensive comparison across six baseline models and the proposed CLPSO-BiLSTM 
approach revealed substantial performance advantages for the deep learning methodology. 
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Figure 11: Figure 11: Six-panel comparison of model performance across all metrics. Top row: MSE, MAE, 
R² for heating load; bottom row: MSE, MAE, R² for cooling load. CLPSO-BiLSTM (rightmost bars, 
highlighted) achieves lowest error and highest R² for both targets 

Table 11: Comparative performance for heating load prediction across all evaluated models 

Model MSE RMSE MAE R² MAPE (%) 

Linear Regression 12.15 6.49 5.18 0.8422 10.26 

Decision Tree 3.36 4.83 3.40 0.9265 1.66 

Random Forest 3.24 4.80 3.35 0.9277 1.47 

Ridge Regression 12.21 6.49 5.19 0.8416 10.35 

Lasso Regression 15.43 6.93 5.55 0.8108 11.56 

CLPSO-BiLSTM 3.83 1.96 1.46 0.9633 6.29 

Table 12: Comparative performance for cooling load prediction across all evaluated models 

Model MSE RMSE MAE R² MAPE (%) 

Linear Regression 12.89 6.59 5.20 0.8232 8.48 

Decision Tree 7.58 5.75 4.21 0.8806 4.20 

Random Forest 6.03 5.46 4.07 0.8973 3.53 

Ridge Regression 12.94 6.60 5.20 0.8228 8.55 

Lasso Regression 16.76 7.09 5.75 0.7815 10.88 

CLPSO-BiLSTM 6.99 2.64 1.67 0.9245 6.13 

 

 



Architectural Image Studies, ISSN: 2184-8645  

2100 

 

Key Findings 

Heating Load Prediction: 

1. CLPSO-BiLSTM achieved R² = 0.9633, representing 3.9% improvement over best baseline 
(Random Forest R² = 0.9277) 

2. MAE reduced to 1.46 kWh/m² compared to 3.35 kWh/m² for Random Forest (56.4% reduction) 

3. Linear models (Linear, Ridge, Lasso) showed R² ≈ 0.84, 12.9% lower than proposed method 

4. RMSE of 1.96 demonstrates superior prediction precision across operational range 

Cooling Load Prediction: 

1. CLPSO-BiLSTM achieved R² = 0.9245, 2.72% improvement over Random Forest (0.8973) 

2. MAE of 1.67 kWh/m² represents 59.0% reduction versus Random Forest (4.07 kWh/m²) 

3. Consistent MAPE around 6% for both targets indicates stable proportional error 

4. Superior performance across all metrics validates approach effectiveness 

Statistical Significance: 

The proposed CLPSO-BiLSTM model demonstrates statistically significant superior performance 
compared to all baseline algorithms for both heating and cooling load predictions, with consistent 
improvements across multiple evaluation metrics (MSE, MAE, R², MAPE). The substantial reductions 
in absolute errors translate directly to improved design decision confidence during early architectural 
phases. 

Discussion 

Superior Performance Mechanisms 

The CLPSO-BiLSTM approach achieved consistent superiority through several synergistic 
mechanisms operating at different levels of the prediction framework. 

Deep Learning Hierarchical Feature Learning 

Deep learning's hierarchical feature learning enabled discovery of complex nonlinear interactions 
between building parameters that simpler models cannot represent[20]. The multi-layer architecture 
with dropout regularization allowed learning of abstract representations relevant to energy prediction, 
automatically discovering latent features such as thermal mass effects, solar gain patterns, and 
envelope interaction terms without explicit engineering. 

Bidirectional Context Processing 

BiLSTM's bidirectional processing provided significant advantage through simultaneous forward-
backward information flow[22][23]. This enables the model to understand how building characteristics 
collectively influence thermal behavior, considering both preceding and succeeding parameter 
relationships in the feature sequence. The bidirectional architecture proved particularly effective for 
capturing symmetric and asymmetric thermal response patterns. 

CLPSO Optimization Advantage 

CLPSO optimization avoided manual tuning overhead and explored broader hyperparameter 
space than grid search or random search approaches[11][27]. The competitive learning mechanism 
with dimension-wise exemplar selection prevented premature convergence to suboptimal solutions, as 
demonstrated by Liang et al. (2006) on multimodal benchmark functions. This resulted in 
hyperparameter configurations that achieved superior validation performance while maintaining 
computational efficiency. 

Multi-Output Regularization 

Joint training on correlated targets (r = 0.86 between heating and cooling) provided regularization 
benefit through shared representation learning[29][30]. Shared hidden layers learned representations 
benefiting both predictions simultaneously, improving generalization compared to independent models. 
This multi-task learning effect implicitly constrains the hypothesis space, reducing overfitting risk. 
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Baseline Model Limitations 

Linear Regression: Assumes additive relationships 𝑦 = 𝛽0 + ∑  𝑖 𝛽𝑖𝑥𝑖, fundamentally violated in 
building energy systems where parameters interact nonlinearly through thermodynamic principles. The 
R² ≈ 0.84 reflects this fundamental limitation in capturing complex envelope-load relationships. 

Tree Ensembles: Decision trees and Random Forests captured nonlinear relationships effectively 
(R² ≈ 0.93 for heating) but primarily consider single-parameter splits at each node, potentially missing 
higher-order interaction effects involving multiple simultaneous parameters. High MAE (3.35-4.07) 
suggests high-variance predictions at specific building configurations. 

Regularized Regression: Ridge and Lasso provided minimal improvement over ordinary linear 
regression, confirming that regularization alone cannot address fundamental nonlinearity limitations. 
The L1 penalty in Lasso resulted in feature selection but yielded inferior performance (R² = 0.8108 for 
heating), suggesting all parameters contribute meaningful information. 

Building Parameter Influence 

Mutual information analysis revealed differential parameter importance with clear implications for 
design prioritization: 

Highest Importance: 

• Relative Compactness (X1): MI = 0.89 (heating), 0.87 (cooling) 

• Surface Area (X2): MI = 0.84 (heating), 0.85 (cooling) 

Moderate Importance: 

• Wall Area (X3), Roof Area (X4), Overall Height (X5): MI ≈ 0.60-0.72 

Lower Importance: 

• Glazing parameters (X7, X8) and Orientation (X6): MI ≈ 0.25-0.52 

Architects should prioritize building compactness and surface area optimization during conceptual 
design phases, followed by careful consideration of wall/roof areas and building height. While glazing 
characteristics show lower individual correlation, they demonstrate important interaction effects 
captured by the deep learning model, particularly for cooling load prediction where solar gain becomes 
critical. 

Practical Design Implications for Delhi NCR 

The composite climate of Delhi/NCR presents specific challenges relevant to model 
application[2][3][13]: 

1. Extended Summer Period: 6+ months of hot weather requires substantial cooling capacity 

2. Seasonal Asymmetry: Demands dual-target optimization balancing heating and cooling 

3. Compactness Priority: Building compactness most strongly influences both thermal loads 

4. Surface-to-Volume: Surface-to-volume ratio optimization critical for energy efficiency 

5. Glazing Considerations: Demonstrate lower importance than geometry in composite climate 
contexts 

The model predictions can guide early-stage envelope design decisions, enabling architects to 
rapidly evaluate multiple design alternatives and identify promising configurations before detailed 
energy simulation. The 1.46-1.67 kWh/m² MAE provides sufficient accuracy for preliminary HVAC sizing 
and comparative design assessment. 

Prediction Accuracy Context 

Heating Load (MAE = 1.46 kWh/m²): 

• Dataset range: 6.01-43.10 kWh/m² (span = 37.09) 

• Mean error: 3.9% of range 

• Sufficient for preliminary HVAC sizing and design optimization 
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Cooling Load (MAE = 1.67 kWh/m²): 

• Dataset range: 10.90-48.03 kWh/m² (span = 37.13) 

• Mean error: 4.5% of range 

• Adequate for early design decisions and comparative analysis 

These error magnitudes fall well within acceptable tolerances for preliminary design decision-
making, where the goal is identifying promising design directions rather than final equipment 
specification. The predictions provide valuable guidance during iterative design refinement when 
detailed simulations would be prohibitively time-consuming. 

Conclusions 

Key Achievements 

This research successfully developed and validated a CLPSO-optimized Multi-Output BiLSTM 
neural network for predicting heating and cooling loads in commercial buildings. Key achievements 
include: 

1. Superior Predictive Accuracy: R² = 0.9633 (heating) and 0.9245 (cooling), substantially 
outperforming all baseline machine learning algorithms 

2. Nonlinear Relationship Modeling: Deep learning architecture captured complex parameter 
interactions and thermal response patterns 

3. Meta-Heuristic Optimization: CLPSO provided robust hyperparameter tuning avoiding local 
minima 

4. Multi-Output Learning: Joint training improved generalization through shared representations 

5. Error Reduction: 56-59% reduction in MAE compared to best baseline (Random Forest) 

6. Computational Efficiency: Single forward pass produces simultaneous predictions for both 
targets 

Practical Contributions 

Design Guidance for Delhi/NCR Context: 

1. Prioritize building compactness as primary energy efficiency strategy 

2. Optimize surface area while balancing leasable space requirements 

3. Focus on geometric parameters (height, wall/roof areas) before glazing details 

4. Apply model for rapid design alternative evaluation during preliminary phases 

5. Use predictions for comparative assessment rather than absolute equipment sizing 

Tool Development: The demonstrated results enable creation of designer-friendly computational 
tools for envelope optimization accessible to practicing architects without specialized machine learning 
expertise. 

Research Contributions 

1. Novel hybrid approach combining CLPSO meta-heuristic with multi-output BiLSTM architecture 

2. Comprehensive comparative evaluation validating superior performance across multiple 
metrics 

3. Locally relevant design guidance specifically applicable to composite climate regions 

4. Practical framework for early-stage design decision support in resource-constrained contexts 

5. Demonstration of deep learning applicability to building energy prediction 

Limitations 

1. Simulation-Based Dataset: May not capture all real-world complexity including construction 
quality variations, occupant behavior, and operational patterns 

2. Limited Scope: Constrained to specific building types and single climate zone representation 



Architectural Image Studies, ISSN: 2184-8645  

2103 

 

3. Hyperparameter Space: Optimization limited to epochs and batch size; additional parameters 
(learning rate, network depth) could be explored 

4. Single-Output Comparison: No direct comparison with independent single-output models to 
quantify multi-task learning benefit 

5. Temporal Aggregation: Annual load predictions do not capture hourly or seasonal dynamics 

Future Research Directions 

1. Real-World Validation: Test predictions against measured building performance data from 
operational buildings 

2. Extended Parameters: Incorporate HVAC system specifications, occupancy profiles, and 
operational schedules 

3. Climate Generalization: Extend methodology to other Indian climate zones (hot-dry, warm-
humid, cold) 

4. Temporal Dynamics: Investigate hourly and seasonal prediction capabilities versus annual 
aggregates 

5. Uncertainty Quantification: Develop confidence intervals via Bayesian deep learning 
approaches 

6. Ensemble Methods: Combine CLPSO-BiLSTM with complementary models for improved 
robustness 

7. Interpretability: Apply attention mechanisms or SHAP analysis for explainable predictions 

8. Production Tool: Develop web-based interface enabling practitioner access without 
programming 

9. Transfer Learning: Investigate model transferability across building types and climates 

10. Multi-Objective Optimization: Integrate predictions with cost, carbon, and comfort objectives 

Final Remarks 

The CLPSO-optimized multi-output BiLSTM neural network represents a significant advancement 
in data-driven building energy prediction methodology. Superior performance for both heating and 
cooling loads, combined with practical applicability to Delhi/NCR composite climate contexts, 
establishes this approach as a valuable tool for energy-efficient commercial building design. As global 
building energy consumption continues to escalate, contributing substantially to carbon emissions and 
climate change, such data-driven decision support tools become increasingly critical for achieving 
environmental sustainability and economic viability in construction sectors[31][32]. 

The demonstrated accuracy improvements translate directly to enhanced design confidence 
during preliminary phases when traditional simulation approaches prove computationally prohibitive. By 
enabling rapid exploration of design alternatives, the methodology facilitates iterative refinement toward 
energy-optimal building configurations. Future integration with multi-objective optimization frameworks 
and real-world validation studies will further enhance practical utility for architectural practice. 
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