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ABSTRACT 
Modern power systems face intense pressures to consistently supply electricity against the 

backdrop of increasingly complicated electricity demand and thus precise electricity 

consumption forecasting is an ever more important issue. Traditional statistical methods 

(notably ARIMA, linear regression) have consistently had limitations in capturing non-linear, 

time-dependent patterns inherent in hourly electricity demand data, resulting in forecasts that 

fail to achieve an adequate level of accuracy for effective use in real-time grid operation. 

Deep learning models developed for electricity forecasting have largely acted as "black box" 

models, producing forecasts with no justification of the variables which influence the forecast. 

This work is to overcome these two issues by the design and implementation of an 

Explainable Deep Learning Architecture for Hourly Energy Demand Forecasting which is 

based on a stacked Long Short-Term Memory neural network together with post-hoc SHAP 

(SHapley Additive exPlanations) explainability technique. This model was trained and tested 

using data obtained from a real US energy system (PJM Interconnection) electricity 

consumption hourly dataset consisting of over 121,000 data points. An end-to-end system 

was developed which involved preprocessing, temporal feature extraction, sequence creation, 

LSTM model training with dropouts for regulation, and SHAP based analysis for model 

explainability. The trained LSTM model resulted in a Mean Absolute Error (MAE) of 168.28 

MW, a Root Mean Squared Error (RMSE) of 220.70 MW, and a coefficient of determination 

(R2) of 0.9921 on the test data. These were well beyond the predictive capabilities of all other 

competing methods. Analysis via SHAP indicated that the immediately previous hour's 

consumption (t-1_lag1) was by far the most significant predictor for current hour's 

consumption with the next shortest-range lags and the 24-hour lagged value also found to be 

significant predictors. Thus, it has been demonstrated that integrating deep learning with 

model explainability approaches can be used to produce a technically competent as well as 

credible predictive system for smart grids. 
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CHAPTER ONE 

INTRODUCTION 

1.1 Background of the Study 

Over the past two decades global electricity consumption has grown exponentially as urban 

populations increase, industrialization accelerates, and electrification of transport and heating 

systems becomes commonplace (International Energy Agency [IEA], 2025). In Nigeria, like 

many sub-Saharan African countries, persistent power instability comes with a high 

economic cost with millions of naira in losses caused annually by grid failures and unplanned 

outages (Ogunwuyi et al., 2024). Given this problem it is clear that predicting the grid 

demand for the next hour and what influences this demand is fundamental to effective grid 

management. 

Energy consumption forecasting seeks to predict future energy demand based on previous 

demand patterns, environmental variables and temporal features (like time of day, day of 

week, season etc.). Reliable short-term forecasts (one to 48 hours ahead) help grid operators 

make efficient decisions regarding dispatching of generation assets, scheduling of 

transmission loads, and allocation of power sources, consequently reducing both operational 

cost and the risk of power supply failures. 

For a long time, statistical models (especially ARIMA and variants of exponential smoothing) 

dominated energy consumption forecasting (Misiurek et al., 2025). While widely used and 

easily interpretable, these models operate on a number of assumptions including linearity and 

stationarity which can be inappropriate for many modern smart grids whose dynamics is 

dominated by nonlinear influences, such as renewable energy variability, electric vehicle 

charging patterns, and behavioral dynamics of customers. 

The advent of deep learning has largely revolutionized the field, with Recurrent Neural 

Networks (RNNs), particularly Long Short-Term Memory (LSTM) networks proving well-
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suited to sequential energy data. Due to the way they are constructed, LSTMs are able to 

capture long-range dependencies via learned gating mechanisms (Hochreiter et Schmidhuber, 

1997), and LSTM models have systematically outperformed classical statistical baselines 

across the wide range of energy forecasting tasks (Misiurek et al., 2025). However, the 

primary drawback of LSTM models is that they act as black boxes: they offer only the 

numerical prediction and no insight into which input variables, or what specific historic 

patterns were responsible for it. This lack of transparency makes these models largely 

unappealing for a large number of practical applications, particularly those which are 

regulated. 

The demand for transparency is not an academic issue. Energy regulators, utility providers, 

grid operators, and other stakeholders must be able to understand why and how the 

predictions generated by AI systems were made. A model capable of predicting a 50 MW 

spike in demand at 18:00 pm tomorrow without the ability to specify whether the prediction 

is a result of expected daily heating, the fact that it is Tuesday, or the lagged effect of a 

particular usage pattern is of limited utility beyond the prediction value alone. 

This is where Explainable Artificial Intelligence (XAI) comes in, aiming to overcome the 

‘black box’ problem of many advanced machine learning models (Adadi et Berrada, 2018). 

One of the leading approaches within XAI, is that of SHAP (SHapley Additive exPlanations), 

developed by Lundberg and Lee (2017) based on cooperative game theory. SHAP works by 

quantifying the marginal contribution of each input variable to an individual prediction in a 

consistent and theoretically grounded manner. Pairing this technique with a powerful LSTM-

based energy forecasting model can result in a system capable of accurately predicting grid 

demand while at the same time enabling deep insights into the factors driving those 

predictions. 

 



 

  

3 

1.2 Statement of the Problem 

The two intertwined challenges that continually hamper both research and practical 

application in energy consumption forecasting include: the broad adherence to classical 

statistical models which rely on linearity assumptions that are unsuitable for the dynamics of 

modern smart grids. This approach often yields forecasts with considerable error margins 

when peak demand or outlier conditions occur, leading to inefficient energy generation and 

load management. Second, the deep learning models capable of handling complex 

nonlinearities are not easily interpretable by grid operators, and thus pose challenges to their 

adoption and trustworthiness. The current research proposes to address these two challenges 

simultaneously by developing a stacked LSTM forecasting architecture augmented with a 

SHAP-based post-hoc explainability framework to produce an energy forecasting system 

which balances accuracy with transparency requirements. 

1.3 Aim and Objectives of the Study 

This study aims to develop and evaluate a deep learning architecture for accurate hourly 

energy consumption forecasting, while also providing feature-level explanations of its 

predictions. Specifically, this work seeks to: 

1. Critically evaluate established energy consumption forecasting techniques and identify 

their shortcomings in terms of prediction accuracy and interpretability. 

2. Propose and implement a stacked LSTM neural network for hourly electricity demand 

forecasting by training it on the PJM Interconnection electricity data. 

3. Develop appropriate temporal and lag-based features based on the raw dataset and pre-

process the data for the deep learning model. 

4. Assess the performance of the trained LSTM model through MAE, RMSE and R values 

and compare it to baseline models. 
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5. Apply SHAP analysis to identify and visualize the dominant features influencing the 

hourly energy demand prediction. 

1.4 Significance of the Study 

This research makes the following significant contributions to energy informatics and applied 

deep learning: 

1. Grid Management: Provides a system that can directly aid in making decisions related to 

generation dispatch and load balancing through its highly accurate short-term forecasts. 

2. Explainable AI in Critical Infrastructure: Introduces a practical methodology combining 

LSTM and SHAP that advances the existing body of work on transparent AI in critical 

applications. 

3. Developing World Relevancy: The presented approach has direct applications for 

improving grid management practices in countries like Nigeria and other economies 

across Africa facing power infrastructure challenges. 

4. Methodological Contribution: Documents and presents a complete and reproducible 

methodology that will serve as a valuable reference for future research efforts in smart 

grid AI. 

1.5 Scope of the Study 

The present work is focused on short-term, single-step ahead hourly energy consumption 

forecasting utilizing the publicly available PJM Interconnection dataset, obtained from 

Kaggle (Mulla, 2018). It will include the design, training and evaluation of an LSTM-based 

regression model which incorporates explainability via SHAP. Real-time data integration, 

connection to live grids and multi-step probabilistic forecasting are beyond the scope of this 

work. Though the PJM dataset originates from the United States, the proposed architecture 

and methodology are universally applicable and can be adapted to other regional electricity 

data. 
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1.6 Limitation of the Study 

These are the limitations encountered in this study:  

1. Limitations in the Geography of the Dataset: The PJM dataset accurately models demand 

in the given region but fails to capture some key regional aspects of energy consumption 

behavior and seasonality present in countries like Nigeria. Thus, performing validation 

on local data should be considered in future work. 

2. Computational Constraints: Given the limited GPU resources available the exploration of 

the vast feature space and hyperparameter optimization was not feasible. 

3. Single-step Forecasting: The model was designed to predict electricity demand in the 

subsequent hour and not in a sequence of multiple hours. Further extension to this 

functionality is highly encouraged. 

4. Weather Information: Real-time weather data was not used due to time constraints, 

although weather dependence is captured indirectly through lags and seasonality 

features. 

1.7 Operational Definition of Terms 

Deep Learning: A class of machine learning models that employ artificial neural networks 

with multiple layers to automatically extract hierarchical data representations. 

LSTM (Long Short-Term Memory): A special type of recurrent neural network capable of 

remembering data for long time frames due to its internal feedback mechanism implemented 

using forget, input and output gates. 

Regression: The problem of training models that predict a continuous numerical output 

variable. Here, electricity demand in megawatts is the regression task. 

SHAP (SHapley Additive exPlanations): A framework developed from cooperative game 

theory which determines and quantifies the importance of each input variable in explaining 

individual model predictions. 



 

  

6 

Smart Grid: A modern electricity grid which utilizes digital technologies to collect real-time 

information and utilize that information to optimize and improve the reliability, security and 

efficiency of the system. 

MAE (Mean Absolute Error): The average magnitude of errors in a set of predictions without 

regard to their direction. 

RMSE (Root Mean Square Error): The square root of the mean of the squared errors. RMSE 

gives greater weight to large errors and is a widely used measure of forecast accuracy. 

Feature Engineering: The process of transforming raw data into features that are useful for 

machine learning models and improve model performance. 
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CHAPTER TWO 

LITERATURE REVIEW 

2.1 Introduction 

In this chapter, the current study will be grounded in existing literature, specifically on energy 

consumption forecasting and deep learning for time-series modeling and interpretation. 

Through this structured overview, the chapter will establish the conceptual and empirical 

foundation of the study by reviewing the past methods used for time series forecasting-

demonstrating their effectiveness and limitations, the existing literature Gap, and the current 

study's contribution. Forecasting Energy Consumption: To understand why energy is used 

and what determines power demand will help utilities reduce electricity price.  

2.2 Theoretical Background 

2.2.1 Overview of Energy Consumption Forecasting 

The forecasting of the amount of electrical energy consumption at the grid is vital for energy 

system management and also forms the core of reliable power system operation. The 

foretasted data of electrical power consumption is utilized by electrical power generation 

plants for the regulation of electricity to avoid problems such as electrical overload and 

interruption. Forecasted periods used at the electrical power market system: very short-term 

(minutes to hours), short-term (hours to days), medium-term (weeks to months) and long-

term (years) Forecasting energy consumptions is generally used in short-term (hours to days). 

This paper focus on short-term, hourly forecast, because it most related day-to-day electric 

utilities operation task. Electric Power is characterized by its seasonality and strong 

temporality. An examination of electricity demand behavior reveals typical patterns of 

increased demand at specific times of the day or week, and variations based on weather and 

season. The primary characteristics include typical morning and evening demand increases 
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due to household activities, a lull in midday and a dip on weekends and public holidays. 

Variations in demand based on season, such as elevated heating demand in winter and 

increased cooling load in summer, are driven by fluctuating temperatures.  

2.2.2 Traditional Forecasting Methods 

The bedrock of early work on energy demand forecasting was traditional time series 

techniques. The ARIMA model and its seasonal version, SARIMA, became a standard for 

this task, given their relatively simple implementation and ease of interpretation. The ARIMA 

model treats a time series as a linear function of past values of the series and past errors. Its 

main drawback lies in its incapacity to model non-linear relationships highly embedded in 

electricity demand. Same drawbacks apply to various extensions and variations such as 

multiple regression, exponential smoothing and support-vector regression. All those models 

suffer from limitations when analyzing large, complex datasets-characteristics often found in 

electricity consumption, compared to more data-driven models. 

2.2.3 Machine Learning for Energy Forecasting 

Machine learning begins to emerge around 2010 in the energy forecasting arena. Machine 

learning approaches are data-driven models that are not constrained by the underlying 

mathematical equation, such as statistical methods are. At the early stages, researchers have 

tested ensemble models such as Random Forests, Gradient boosting and XGBoost to estimate 

future energy demand. Unlike many of their statistical precursors, these machine learning 

models do possess the ability to handle non-linear relationships in the data but face a number 

of limitations when addressing sequential information; they treat individual observations as 

data, disregarding any temporal dependencies among observations. To overcome the 

limitation of treating a data in time manner, they can be augmented with lags as input 
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variables, which however, raises concerns about how to best select multiple lags to capture 

complex multi-scale time dynamics.  

2.2.4 Deep Learning and Recurrent Neural Networks 

Recurrent neural network (RNN) with Long Short-Term Memory (LSTM) have been 

originally introduced in the 1990s, but gained significant attention over the past decade due to 

advances in hardware and software making them computationally feasible to train. RNNs 

excel at handling sequences due to their internal feedback loops that allow them to retain 

memory over previous steps. Traditional RNNs suffered from the vanishing gradient problem, 

hindering their ability to learn long-term dependencies. LSTMs were specifically designed to 

address this by introducing gate mechanisms (input gate, forget gate, and output gate) that 

control the flow of information within each cell, enabling them to selectively remember or 

forget data, thereby effectively modeling the intricate temporal dependencies present in 

electricity demand. The ability to model multiple time scales (intra-day, weekly, seasonal) is 

crucial for forecasting energy consumption accurately. 

2.2.5 Explainable Artificial Intelligence (XAI) 

Explainable artificial intelligence for energy demand Forecasting Machine-learning models 

have often been black boxes, where even a correct prediction can be difficult for end-users to 

explain or justify. This is changing with the growing use of explainable AI, where methods 

have been developed to allow users to understand model outputs. SHAP values, developed 

using the Shapley values from game theory, were initially proposed for providing explainable 

results to any kind of predictive models, then extensions, Deep SHAP and Gradient SHAP 

specifically enable the method to be viable computationally for deep learning models. Each 

features' contribution is measured by a value based on its average marginal contribution for 

all possible permutations. SHAP have a number of advantageous theoretical properties, such 
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as consistency and accuracy compared with alternatives that might lead to inconsistent or 

misleading results.  

2.3 Review of Related Works 

Kong et al. (2019) developed an LSTM based system for short-term load prediction. They 

used residential smart meter data to accurately forecast loads at the granular level with an 

average Mean Absolute Percentage Error (MAPE) of 2.1% against SARIMA and support 

vector regression. There was no indication of how their LSTM system worked to produce 

explanations and their model was designed for only residential load data. Shi et al. (2018) 

created hybrid systems designed to address the multi-step forecasting of loads utilizing CNN 

to capture the spatial relationship among input variables and combined it with LSTM to 

capture the temporal dependency of the information. This hybrid approach reached an error 

improvement of 15% relative to the LSTMs, but this hybrid system was a black-box model 

and the researchers did not report any explanations for the model’s predictions. A 

Transformer architecture was proposed by Guo et al. (2020) for energy forecasting tasks 

utilizing attention mechanism. Transformers can surpass LSTMs on very long horizons 

(beyond 48 hours) but for very short horizon of an hour LSTM performs competitively with 

Transformer, but has less overhead of calculation and fewer parameters. Lundberg et al. 

(2020) presented building level prediction with gradient boosting. They employed SHAP to 

provide interpretations of their model by proving explainability and confirming outdoor 

temperature, time of day and level of occupancy as the most influential parameters for 

prediction of the building energy. This has verified the values of SHAP explanations in 

energy informatics but their approach used tree-based models rather than neural networks. 

The authors used LIME explanations in a neural network-based load forecasting system 

(Ribeiro et al., 2022). They demonstrate that local explanations from neural network models 



 

  

11 

may be useful in the energy domain but one limitation is that the explanations depend locally 

on the input sample which might be problematic because they change locally for every 

individual prediction. Mashlakov et al. (2021) developed attention-based LSTM networks for 

energy forecasting aiming to add explainability to the forecast prediction: “This study 

investigates the incorporation of interpretable elements into an attention-based LSTM model 

for predicting future energy consumption, improved accuracy and interpretability in energy 

consumption forecasts. The attention mechanism integrated within the model reflects the 

interplay of model internal dynamics, but does not directly quantify feature importance”. 

Karijadi and Chou (2022) developed an innovative hybrid architecture blending Random 

Forest (RF) and Long Short-Term Memory networks, built upon Complete Ensemble 

Empirical Mode Decomposition with Adaptive Noise (CEEMDAN) for the forecasting of 

building-level energy use. The method initially separates the original energy signal into 

various Intrinsic Mode Functions (IMFs), applying RF to the component with highest 

frequency content and least regularity, whilst employing LSTM networks for the more 

uniform lower-frequency components. The CEEMDAN-RF-LSTM model was tested against 

a range of individual forecasting approaches (Linear Regression, Support Vector Regression, 

Random Forest, and standard LSTM) across several commercial and institutional buildings 

and was found to consistently deliver lower prediction errors. The decomposition strategy 

proved successful in addressing the non-linearities and non-stationarities present in building 

energy data, but no post-hoc explanation method was implemented to attribute the impact of 

individual input features. Furthermore, the study was restricted to building-level data and did 

not explore the broader implications for grid-level hourly demand forecasts. Machlev et al. 

(2022) performed a comprehensive, domain-wide survey on Explainable AI (XAI) techniques 

implemented across the energy and power systems field. The researchers catalogued various 

XAI techniques - encompassing methods like SHAP, LIME, attention mechanisms, and 
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gradient-based approaches - and documented their various applications, such as photovoltaic 

power prediction, fault detection, and electricity demand modeling. The review highlighted 

significant obstacles to XAI adoption, including the deficiency of standard evaluation 

benchmarks, the substantial computational overhead associated with model-agnostic methods 

applied to deep neural networks, and the incomplete interpretability of attention-based 

explanations. Additionally, it observed that, although XAI is frequently used with tree-based 

models in energy contexts, its application with deep recurrent architectures such as LSTMs is 

comparatively less common. This review serves as a crucial impetus for our current research 

on DeepSHAP for post-hoc explanations of stacked LSTM predictions for grid-level 

applications, addressing the noted divide between model complexity and decision-maker 

comprehensibility. Maarif et al. (2023) proposed a combined framework involving LSTM-

based energy consumption forecasting and SHAP explanations, applied to a public steel 

industry energy dataset. The authors assessed several LSTM architectures, including basic 

LSTM, stacked LSTM, and bidirectional LSTM, using Grid Search to determine optimal 

hyperparameters for different input feature sets. Following forecast generation, SHAP values 

were computed to identify dominant process parameters contributing to the predicted energy 

consumption, revealing that lagged consumption, reactive power, and CO2 emissions were 

the most influential factors across all models. They concluded that the consistency of SHAP 

attribution across various LSTM configurations validates its utility as a post-hoc explanation 

tool for neural network forecasters. A key limitation is that this research is strictly confined to 

an industrial manufacturing setting, failing to extend its scope to the multi-temporal-scale 

dynamics of grid-level hourly electricity demand that are central to the present study. Baur et 

al. (2024) conducted a systematic review of explainability and interpretability techniques 

used in electric load forecasting, analyzing over 100 studies from 2017 to 2023. They 

classified approaches into intrinsically interpretable models (e.g., linear regression, 
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decomposition methods, fuzzy logic, probabilistic models) and post-hoc explainability tools 

(e.g., feature importance scores, SHAP, LIME, gradient-based methods) for black-box 

models. Their findings indicated a growth in research on explainable and interpretable load 

forecasting, and a wide adoption of attention mechanisms as a proxy for interpretability in 

recurrent neural networks, though their link to true feature importance is still unclear. The 

review highlighted three pressing research questions: standardizing XAI evaluation, 

interpreting temporal attention, and incorporating causal reasoning. This work provides a 

solid, systematic basis for our research, as it leverages stacked LSTM forecasting and SHAP 

attribution to fill the observed gap in comprehensive empirical pipelines on real-world grid-

level datasets. Bento et al. (2021) presented TimeShap, a modified SHAP framework 

specifically developed for sequential and recurrent models. Standard SHAP is unsuitable for 

time-series models because it treats input features independently and ignores their ordered 

temporal structure. TimeShap addresses this by creating explanations by perturbing 

sequences and calculating Shapley values at multiple levels (event, feature, cell) within the 

recurrent model. Evaluations on both synthetic data and real-world recurrent classifiers 

revealed that TimeShap provided more temporally coherent and relevant explanations 

compared to standard SHAP. Although the study was not focused on energy forecasting, 

TimeShap's relevance for LSTM-based electricity demand models lies in its principled 

approach to attributing predictions to specific time points and features within a time-sensitive 

manner. Its availability as an open-source library also enables the deployment of interpretable 

recurrent forecasting in practice. A number of papers have sought to make load forecasting 

more intelligent and more interpretable; Janjua et al. (2024) put forward an intelligent 

electricity demand prediction framework based on a Transformer-LSTM hybrid neural 

network architecture combined with genetically-optimized hyperparameters and post-hoc 

explanations using Shapley Additive Explanations (SHAP). Testing the model on residential 
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smart meter load data from a smart grid pilot project, it was found that the hybrid model was 

more accurate than Transformer and LSTM base models, showing lower errors. SHAP 

explainability indicated that hour of day, outdoor temperature and previous load values are 

generally the most correlated features with events with peak demand. The authors claimed 

that GA-optimization minimized the need for tedious manual tuning of the system, and that 

SHAP explanations increase trust from stakeholders by providing insight into model 

predictions. However, the research only assessed their model on one type of load (residential 

buildings) and the genetic optimization + Transformer-LSTM could be computationally 

expensive if used on a very large scale of data, with additional grid management 

infrastructure modifications if applied to the broader grid. Bayram et al. (2023) presented 

DA-LSTM, a Dynamic Drift-Adaptive Long Short-Term Memory framework for the issue of 

distribution shift on interval load forecasts. Data for load demand for real-world power 

systems are often subject to concept drift, a term used to describe variations (sudden or 

gradual) in the statistical distribution of a time series, usually occurring over time due to 

changes such as emerging technological trends, alteration of user behavior, and impact from 

global or local climatic conditions. DA-LSTM tracks streaming incoming data for 

distribution shift occurrence, and re-optimizes/retrains specified LSTM cells as soon as it 

detects drift without having to retrain the whole model. The model tested on three large-scale 

electrical power grid datasets exhibited better forecasting prediction interval width and better 

coverage probabilities than traditional LSTM approaches. The drawback is that no 

explanation layer was developed for this model. Though this framework has improved 

efficiency for time-varying non-stationary load time-series patterns, the absence of the 

explanation element leaves room to better understand how individual predictions are driven 

by particular inputs and it justifies the use of SHAP in the context of the current paper. Wu et 

al. (2022) suggested an explainable load forecast framework for region integrated power 
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systems where the electrical load, heating load and gas demand were forecasted 

simultaneously. The hybrid framework utilized a coupled-feature multi-task LSTM model 

where common hidden layer features optimally adjusted forecasting capacity for each energy 

carrier and, again, SHAP values was applied to pinpoint which meteorological and 

operational input data attributes contribute most strongly to forecasts. For each carrier, 

performance was better on compared with single task LSTM and outdoor temperature, solar 

irradiation and time-of-week explanations seemed to dominate predictions. However, this 

integrated energy system was equipped with multi-carrier meter data, and was not as 

generally able to single energy carrier load datasets as the PJM Interconnection hourly load 

data that this paper will analyze. Henceforth this research extended the methodology 

developed by Wu et al. (2022) using SHAP to a stacked LSTM on a public and reproducible 

large scale demand dataset to enhance interpretability in grid-level electricity load 

forecasting. 

2.4 Summary of Literature Review 

Table 2.1: Summary of Related Literature Review 

S/N Authors Contribution/ 

Work Done 

Technique Limitations 

1 Kong 

et al. 

(2019) 

LSTM for residential 

load forecasting; 

MAPE 2.1%; 

outperformed 

ARIMA and SVR 

LSTM; 

Smart meter 

data 

No explainability; limited 

to residential loads 

2 Shi et 

al. 

(2018) 

CNN-LSTM hybrid 

for multi-step load 

forecasting; 15% 

RMSE improvement 

CNN + 

LSTM 

Hybrid 

No 

interpretability; 

high 

computational 

cost 
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3 Guo 

et al. 

(2020) 

Transformer for 

long-range energy 

forecasting; superior 

at 

>48hr horizons 

Transformer 

with self-

attention 

Underperforms 

LSTM for short-term 

hourly forecasting 

4 Lundberg 

et al. 

(2020) 

SHAP for building 

energy prediction; 

identified 

temperature 

and time as top 

predictors 

Gradient 

Boosting 

+ SHAP 

Limited to tree-

based models; not 

applied to neural 

networks 

5 Ribeiro et 

al. (2022) 

LIME explanations 

for neural network 

load forecasting 

Neural 

network + 

LIME 

LIME 

explanations 

inconsistent 

across similar 

inputs 

6 Mashlakov 

et al. 

(2021) 

Attention-based 

LSTM for 

interpretable load 

forecasting 

Attention 

LSTM 

Attention weights 

do not reliably 

reflect feature 

importance 

7 Karijadi & 

Chou 

(2022) 

Hybrid RF-LSTM 

with CEEMDAN 

decomposition for 

building energy 

prediction; 

outperformed 

standalone LSTM, 

RF, ANN and SVR 

RF + 

LSTM + 

CEEMD

AN 

No post-hoc XAI; 

focused on 

building-level 

data only 

 

 

 

8 Machlev et 

al. (2022) 

Comprehensive 

review of XAI 

techniques across 

energy and power 

systems; identified 

opportunities and 

open research gaps 

 

Review/X

AI 

Survey 

Not a forecasting model; 

does not integrate XAI 

with LSTM directly 
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9 Maarif et 

al. (2023) 

LSTM with SHAP 

applied to steel 

industry energy 

usage; GridSearch 

hyperparameter 

tuning; model 

comparison across 

multiple input 

scenarios 

LSTM + 

SHAP 

(XAI) 

Industrial context only; 

does not address grid-

level or hourly demand 

data  

 

 

 

  

10 Baur et al. 

(2024) 

Systematic review 

of explainability 

and interpretability 

methods in electric 

load forecasting; 

highlights gaps in 

standardization and 

causal inference 

Literature 

Review 

(XAI + 

ELF) 

Not an empirical 

study; limited 

prescriptive 

guidance for deep 

neural networks 

 

 

11 Bento et al. 

(2021) 

TimeShap adapted 

SHAP for recurrent 

models via 

sequence 

perturbations; 

validated on time 

series classification 

TimeSha

p (SHAP 

for 

RNNs) 

Not applied to 

energy 

forecasting; 

perturbation 

approach is 

computationally 

intensive 

12 Janjua et 

al. (2024) 

Transformer-

LSTM hybrid with 

genetic algorithm 

optimization and 

XAI for residential 

electricity demand 

prediction; 

interpretable 

predictions via 

SHAP 

Transfor

mer-

LSTM + 

GA + 

SHAP 

Limited to 

residential 

buildings; genetic 

optimization adds 

computational 

cost 
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13 Bayram et 

al. (2023) 

Dynamic drift-

adaptive LSTM 

(DA-LSTM) for 

interval load 

forecasting; 

improves stability 

under distributional 

shift 

DA-

LSTM 

(adaptive 

learning) 

 

 

No XAI 

integration; 

interval 

predictions only; 

no feature 

attribution 

analysis 

14 Wu et al. 

(2022) 

Explainable 

framework for 

regional integrated 

energy system load 

forecasting using 

coupled features 

and multi-task 

learning with 

SHAP attribution 

Multi-

task 

LSTM + 

SHAP  

Regional scope; 

coupled feature 

engineering limits 

generalizability to 

grid-level datasets 

 

2.5 Research Gap 

A cursory search of the literature clearly outlines a focused and well-delineated direction: 

research on the application of LSTM architectures to the problem of energy demand 

prediction is extensive and quite mature, as is research examining how one can employ 

explainable AI tools-primarily SHAP-to gain understanding of the predictions from various 

machine learning models in an energy context. What appears to be significantly 

underdeveloped is work that combines the above two streams, where explanation has 

typically been applied to far less complex tree-based models or to data of more restricted 

nature than grid-scale hourly demand, and where such explanation is treated as an output in 

addition to-rather than as part of-a complete, end-to-end pipeline.  
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We see this most vividly by consulting recent systematic reviews of the field, Baur et al. 

(2024) and Machlev et al. (2022), which explicitly call out the gap at hand, highlighting a 

lack of application of deep recurrent network methods to high-resolution grid-level electricity 

forecasting, coupled with robust explanations informed by theory. Though several prior 

works tackle one aspect of the full problem, it’s clear few-if any-address all at once. As such, 

papers that combine architectural deep learning advances (e.g., Karijadi and Chou, 2022; 

Janjua et al., 2024) do not fully develop their explanation layers in Shapley theory; works that 

make robustness to distributional shift explicit (e.g., Bayram et al., 2023) sacrifice 

explainability. Finally, when SHAP is applied to deep forecasters (e.g., Maarif et al., 2023; 

Wu et al., 2022) it is usually on a much smaller, restricted domain where conclusions are less 

generalizable.  

We directly remedy these combined issues by first developing a stacked LSTM for 

forecasting grid-level hourly energy demand, then applying DeepSHAP for thorough post-

hoc explanation, entirely grounded in publicly available electricity consumption data from 

PJM Interconnection. Our methodology and implementation pipeline are well-documented 

and reproducible. By contributing this work, we enable the broader community to reproduce 

and extend this work. 
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CHAPTER THREE 

SYSTEM ANALYSIS AND DESIGN 

3.0 Introduction 

This chapter discusses the systematic design and implementation of the proposed Explainable 

Deep Learning Energy Forecasting system. Firstly, it investigates on existing methods, then 

specifies the functional and non-functional requirements for the proposed system, and finally 

outlines the system architecture and design based on UML diagrams which guide the 

development of the system. 

3.1 System Analysis 

3.1.1 Analysis of the Existing System 

At present, classical statistical models-chiefly the ARIMA and seasonal variants SARIMA, 

supported by basic regression models and rule-based expert systems- dominate short-term 

load forecasting in most utility environments. The typical workflow for existing systems 

consists of four consecutive stages: acquisition of load data from SCADA or from meter 

readings; Manual extraction of relevant features from this data; Fitting statistical models from 

appropriate software packages; Manual analysis of forecast results by a subject-matter expert. 

The whole process is therefore a laborious process that requires specialized expertise and that 

cannot be adjusted automatically based on evolving demand patterns. 

3.1.2 Limitations of the Existing System 

1) Linearity Assumption: Classical statistical models rely on linearity between 

independent and dependent variables-an assumption that is demonstrably false in a 

real grid environment where electricity demand is a complex and non-linear 

phenomenon with a great deal of interactions. 
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2) Limited Temporal Memory: ARIMA only accounts for short-range dependencies in 

the time series, so cannot properly capture long-term recurring weekly and yearly 

patterns in load data. 

3) No Feature Attribution: Existing systems offer no capability for grid operators and 

analyzers to determine which variables in a particular time series prediction actually 

are responsible for the model's output. 

4) Poor Generalization Under Anomalies: Classical statistical models fare poorly when 

they are subject to anomalous load patterns, e.g. Due to extreme weather or 

unforeseen disruption. 

3.1.3 Analysis of the Proposed System 

The stacked LSTM network replaces the classical statistical pipeline in the proposed system 

with a method which automatically learns dependencies from the time series without relying 

on expert knowledge. This deep-learning based system automates feature engineering and 

hourly demand prediction, while incorporating SHAP post-hoc explainability to produce 

predictable and explainable forecasts. Instead of explicitly learning parameters or manually 

incorporating knowledge as done in classical models, the network is trained on data and 

SHAP provides its reasoning for each forecast. 

3.2 System Requirement Specification 

3.2.1 Functional Requirements 

Table 3.1: Functional Requirements of the System 

FR  Requirement Description 

 1 Data Ingestion The system will read hourly energy consumption data as a 

CSV file. 

 2 Data Preprocessing The system should handle missing values in data, scale 

features, and derive temporal features. 
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 3 Sequence Construction 24-hour lookback sequences are created as (samples, 24, 6) 

tensors 

 4 Model Training training is carried out over 50 epochs using Adam optimizer 

and MSE loss 

 5 Prediction Generation The system will produce a prediction for one hour ahead. 

 6 Model Evaluation The system should calculate Mean Absolute Error (MAE), 

Root Mean Squared Error (RMSE), and R2 value using 

18,184 test samples. 

 7 SHAP Analysis The system will generate SHAP values for all input features 

and display summary plots for feature importance. 

 8 Results Visualization The system will generate a comparison plot between 

predicted and actual energy demand and SHAP summary 

charts for analyzing the forecast. 

 

3.2.2 Non-Functional Requirements  

1) Performance: R2 value shall be at least 0.90. 

2) Usability: The complete process from loading data to analysis of output results will 

be performed within a Python Jupyter Notebook environment to provide 

reproducibility. 

3) Scalability: The system should be extensible to large data volumes without requiring 

modifications in system architecture. 

4) Reliability: the system must always output consistent predictions under fixed 

seed(seed=42). 
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3.3 Research Methodology 

3.3.1 Research Design 

This research uses a quantitative and experimental research design. This research design is 

relevant as the main question this study addresses - does a stacked Long Short-Term Memory 

(LSTM) architecture when applied with a post-hoc explainability method provide reliable and 

understandable hourly electricity demand forecasts? - is answered using measurable, 

numerical performance metrics derived from the trained model, rather than through 

subjective perceptions or behavior of human participants. This research then tests how 

changes in the controlled variable (the architecture and associated hyperparameters) influence 

the dependent variable (forecast performance, in terms of common regression error metrics) 

given a consistent dataset and evaluation procedure across all comparative model 

architectures, in line with the common approach in similar machine learning based 

forecasting and prediction studies where a quantitative design was similarly employed. 

3.3.2 Justification for the Methodology 

A quantitative experimental approach was preferred over a qualitative or purely descriptive 

one due to three reasons. Firstly, the problem formulation itself is a prediction task; the 

predicted value (energy demand in the next hour) is a real valued number, the correctness of 

which can only be verified using the actual values with objective statistical metrics, like 

RMSE, MAE, and R-squared. Secondly, an experimental approach ensures the comparison 

between deep learning architecture under uniform and repeatable settings (same data split, 

same preprocessing pipeline and same metrics) by isolating the contribution of the 

architecture parameter (like the number of stacked LSTM layers) from other potential 

confounds. Thirdly, because interpretability is a core objective of the study, the methodology 

also incorporates an explainability layer (SHAP) after model training; this is consistent with 

an experimental design in that SHAP values are themselves computed and reported as 
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quantitative outputs (feature-attribution scores) rather than subjectively interpreted. A design 

science or purely qualitative approach was considered but rejected, as neither is suited to 

producing the statistically comparable accuracy figures that this study's objectives require. 

3.3.3 Method of Data Collection 

The data used in this study was obtained through secondary data collection rather than direct 

field observation. The PJM Interconnection dataset, a publicly available hourly energy 

consumption dataset hosted on Kaggle, was used as the source of hourly demand records. 

PJM Interconnection is a regional transmission organization that coordinates electricity 

distribution across a number of states in the United States, and the dataset is organized into 

separate hourly load files for each of its constituent utility zones. This study uses the 

American Electric Power (AEP) zone file (AEP_hourly.csv), which contains 121,273 hourly 

demand readings, expressed in megawatts (MW), spanning from 1 October 2004 to 3 August 

2018. Each record consists of a timestamp and the corresponding hourly load value for the 

AEP zone. Using a public, pre-existing dataset was preferred over primary data collection 

(e.g., direct metering) because it made close to fourteen years of historical hourly readings 

available for model training and validation within the time constraints of an undergraduate 

final year project, and because it allowed the resulting model and findings to be benchmarked 

against a dataset that is openly accessible to other researchers, supporting reproducibility. 

An initial inspection of the raw file found no missing values in either the timestamp or 

demand fields, though four duplicated timestamps were identified; these were resolved during 

the cleaning stage of the preprocessing pipeline described in Section 3.3.4. 

The retrieved data was inspected for structural consistency (correct timestamp formatting, 

consistent sampling interval) and for the presence of missing or duplicate entries before being 

admitted into the preprocessing pipeline described in Section 3.3.4. 
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3.3.4 Model Development Methodology 

The process for the construction of the forecasting model was developed using a staged 

process starting with the acquisition of raw data to the model interpretation. This approach 

was used because an output at one stage of the process is required as an input for the next 

stage, and also because any problem identified in one stage (e.g. A poor quality of data) can 

be addressed before the issue propagates to the model training and testing. The stages used in 

the work can be found in Table 3.2. 

Table 3.2 Model Development Methodology 

Stage Activity Output 

1 Data acquisition from the selected 

Kaggle energy-consumption 

dataset 

Raw hourly load time-series in its 

original form 

2 Data cleaning, missing-value 

handling, and exploratory analysis 

A validated, continuous hourly series 

free of gaps and anomalies 

3 Feature engineering (lag features, 

calendar/temporal features, 

normalization) and windowing for 

sequence input 

A supervised learning dataset of 

input-output sequence pairs 

4 Chronological train/validation/test 

split 

Three disjoint, time-ordered subsets 

5 Design and training of the stacked 

LSTM forecasting model 

A trained model checkpoint with 

logged training/validation loss 

6 Quantitative evaluation against 

baseline models using standard 

error metrics 

Comparative performance results 

7 Post-hoc explainability analysis 

using SHAP 

Feature-importance and per-

prediction explanation outputs 
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Stage 1 through Stage 4 constitute the data preparation phase. Because the data is a time 

series, the train/validation/test split (Stage 4) was performed chronologically rather than 

through random shuffling, so that the model is always evaluated on data that occurs strictly 

after the data it was trained on; this avoids information leakage from the future into the 

training process, a common pitfall in time-series forecasting research. 

Stage 5 covers the design and training of the stacked LSTM architecture itself, in which 

successive LSTM layers are used to learn temporal dependencies in the demand series at 

increasing levels of abstraction, with the final layer's output passed to a dense layer that 

produces the forecast. 

Stage 6 evaluates the trained model quantitatively. In keeping with the experimental research 

design described in Section 3.3.1, the stacked LSTM's performance is compared against one 

or more simpler baseline models (for example, a persistence/naïve forecast and a standard, 

single-layer LSTM or ARIMA model) using the same test set and the same error metrics, so 

that any improvement attributable to the stacked architecture can be isolated and reported 

with statistical confidence rather than asserted qualitatively. 

Stage 7 uses the well-established technique of Shapley Additive exPlanations (SHAP) as a 

post-hoc explanation of the trained model. We choose this technique as it provides a 

principled, model-agnostic approach to explain how much each predicted output can be 

attributed to each of the input features - which is directly aligned with our goals of creating 

both an accurate forecast, and a clear understanding of what information (e.g. Recent demand 

history, time-of-day, calendar effects) led to this prediction. This allows us to turn our black 

box model into a useful planning tool with explanations we can readily act upon. 

3.4 System Requirement Methodology 
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This study utilizes the Object-Oriented Analysis and Design (OOAD) methodology along 

with an iterative development lifecycle. OOAD is used because of its suitability to break 

down a complex data science pipeline into loosely coupled components such as Data Loader, 

Data Preprocessor and Model Trainer, making it suitable for a complex data science system 

with independent components. The iterative development method enables rapid refinement of 

models through successive iterations of training, evaluation and adjustment of architectures, 

hyperparameters, and preprocessing techniques. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.5 System Modelling Using UML 

3.5.1 Use Case Diagram 
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Figure 3.1 depicts the use case diagram of the energy forecasting system. It shows the 

relationships between two actors: the Energy Analyst and the System Administrator, and the 

functions performed by the system, such as loading data, training model and retrieving 

explanation from the model. 

 

Figure 3.1: Use Case Diagram – Energy Forecasting System 

 

 

 

 

 

3.5.2 Activity Diagram 
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Figure 3.2 illustrates the activity diagram for the system showing the end-to-end workflow 

starting from data loading and passing through data preprocessing, sequence construction, 

model training, model performance calculation, and visualization of the results. 

 

Figure 3.2: Activity Diagram – System Workflow 

 

 

 

 

3.5.3 Class Diagram 
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Figure 3.3 depicts the class diagram illustrating the relationship between the 5 main system 

components, that is DataLoader, Preprocessor, LSTM Model, SHAPExplainer, and 

ResultsVisualiser. The DataLoader will pass the raw input data to the Preprocessor and 

finally to the LSTM model where a cleaned sequence will be created. After training, the 

model will communicate to the SHAPExplainer for the computation of SHAP values, and to 

the ResultsVisualiser for visualization of analysis and results. 

 

Figure 3.3: Class Diagram – System Components 

 

 

 

 

 

 

3.6 System Design 
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3.6.1 System Architecture 

The 4-tier system as shown in Figure 3.4 consists of: The Data Layer (PJM dataset which has 

121,273 records), The Processing Layer (data preprocessing, feature engineering, scaling, 

84857/18184/18184 train/val/test split), The Model Layer (128-unit LSTM, 64-unit LSTM, 

Dense, Dropout, SHAP explainer) and The Output Layer (forecast plots, SHAP charts, 

metrics report).  

 

Figure 3.4: System Architecture Design 
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CHAPTER FOUR 

SYSTEM IMPLEMENTATION 

4.0 Introduction 

The following chapter is an overview of the full implementation of the system. It describes 

the environment and tool set used, the data set and the nature of the augmentation carried out 

on it, the architecture of the model and the training configuration used, the SHAP 

interpretability analysis and the results from performing prediction trials on the PJM 

Interconnection data set. 

4.1 Development Environment and Tools 

1) Python 3.10: used throughout the data processing, modeling, and evaluation stages. 

2) TensorFlow 2.20.0 / Keras 3.13.2: Used for defining and training the stacked LSTM 

neural network 

3) NumPy and Pandas: For numerical calculation, manipulation of data and feature 

engineering. 

4) Scikit-learn: For dividing data, normalization of MinMaxScaler and calculating 

evaluation measurements. 

5) SHAP Library: Used for calculating GradientSHAP values and creating visual 

representations of feature importance. 

6) Matplotlib: used to generate all results graph for visualization. 

7) Google Colab: A Jupyter notebook hosted in the cloud which provides GPU 

acceleration for training models. 

8) Streamlit: Streamlit is a Python web framework used to build interactive Energy 

Demand Forecasting application. 
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4.2 Dataset Description and Preprocessing 

The PJM Interconnection AEP Hourly dataset was downloaded from Kaggle and is 121,273 

records of hourly electricity usage in MWs ranging from Oct 2004 to Aug 2018. Fig 4.2 

displays the first 500 hours of the consumption, highlighting the obvious daily periodic 

consumption that goes from peaks near 17000 MW to trough of below 11000 MW. 

 

Figure 4.2: First 500 Hours of PJM Energy Consumption 

Data were loaded and sorted by datetime, then missing data were imputed using forward fill. 

Six features were extracted from raw datetime data and consumption values in a sequence of 

operation shown in Table 4.1. 
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Table 4.1: Dataset Features and Descriptions 

Feature 

Name 

Data 

Type 

Description 

Hour_of_day Integer 

(0–23) 

The Hour, extracted from a datetime. Uses the 

intraday demand cycles. 

Day_of_week Integer 

(0–6) 

Day of the week. Helps to accounts for the 

variations in demand between week days and 

weekends. 

Month Integer 

(1–12) 

Month of the year; tracks seasonal demand 

flows 

is_weekend Binary 

(0/1) 

 Indicator whether the observation is on a 

weekend 

AEP_MW_la

g1 

Float Consumption values of an hour before (t-1), the 

most predictive lag feature. 

AEP_MW_la

g24 

Float A value of the AEP_MW before 24 hours; 

reflects same-time-previous-day pattern. 

AEP_MW 

(target) 

Float Hourly AEP consumption, MW (target variable) 

in the form of the regression target 

 

All extracted features were scaled between 0 and 1 using MinMaxScaler. The data was 

sorted chronologically into train (84,857 samples - 70%), val (18,184 samples - 15%) and 

test (18,184 samples - 15%). The features extracted will have dimensions (samples, 24, 6) 

where 24 denotes the lookback period of 24 hours and 6 denotes the number of features. 
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4.3 Model Architecture and Training 

Shown in Figure 4.1 is the LSTM-SHAP model architecture that was used in this paper. 

 

Figure 4.1: LSTM-SHAP Model Architecture (120,641 parameters) 

 

Table 4.2: LSTM Model Hyperparameter Configuration  

Hyperparameter Value / Configuration 

LSTM Layer 1 Units 128 

LSTM Layer 2 Units 64 

Dense Layer Units 32 

Activation Function (Hidden) ReLU 

Output Activation Linear (regression) 

Dropout Rate 0.20 

Loss Function Mean Squared Error (MSE) 

Optimizer Adam (learning rate = 0.001) 

Batch Size 64 

Maximum Epochs 50 

Input Shape (None, 24, 6) - 24 timesteps, 6 features  

Lookback Window 24 hours 

Total Trainable Parameters 120,641 (471.25 KB) 
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The 50-epoch training was carried out without any early stopping being triggered thus 

confirming that the model could benefit from full training duration. The optimizer used to 

update weights based on the gradient descent is Adam with learning rate of 0.001, batch size 

of 64 sequences. 0.2 dropout rate is applied post the Dense layer to avoid over fitting.  

4.4 System Implementation 

The system was built using 5 components which were implemented as modular python codes: 

The DataLoader(loads, reads data and ensures data integrity), The Preprocessor(cleaning, 

feature extraction, scaling and sequencing), The LSTMModel(Keras Sequential model which 

has methods build, train, predict, evaluate) , The SHAPExplainer (computation of 

GradientSHAP for 300 test instances, using 200 background training samples) and The 

ResultsVisualiser (generates Matplotlib charts for prediction plots and metrics). The whole 

system is fully reproducible with the help of fixed random seed of 42 across Numpy, 

Tensorflow and random library. In addition to this, a web application has been developed 

using Streamlit which allows the user to interactively forecast the energy demand and analyze 

the explanations.  

4.5 Testing and Evaluation 

4.5.1 Model Training History 

Figure 4.3 displays the plots for training and validation loss over 50 epochs. Both training 

and validation loss started converging quickly for the first five epochs of training; training 

loss declined from around 0.006 to below 0.001 and slowly decreased afterwards to about 

0.0007. Throughout the entire training run, the validation loss was maintained at a lower 

value than the training loss, an indication that the model generalized well.  
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Figure 4.3: Model Training History – Training and Validation Loss 

4.5.2 Evaluation Metrics 

1) Mean Absolute Error (MAE): A simple measure in megawatts of the typical 

deviation of predicted values from actual values. 

2) Root Mean Square Error (RMSE): The square root of the average squared forecast 

errors, thus penalizing large forecast errors more than the MAE. 

3) R-squared (R2): The amount of variation in electricity demand (Y) explained by the 

model coefficient of determination. 
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4.6 Results and Analysis 

Figure 4.4 presents the plots of predicted verses actual energy demand over a span of 200 

hours from the 18184 sample test set.  

 

Figure 4.4: Predicted vs Actual Energy Consumption (Test Set – 200 hours shown) 

 

Predicted energy demand curve closely matches with the actual consumption in terms of 

fluctuations in peak and trough points of consumption which vary between 10500 MW and 

21000 MW, showcasing the capability of the model in accurately predicting energy demand.  

4.6.1 Comparative Model Performance 

Table 4.3: Comparative Model Performance Evaluation 

Model MAE (MW) RMSE (MW) R² 

Linear Regression (Baseline) 523.4 701.2 0.712 

ARIMA (p=5, d=1, q=0) 389.7 521.8 0.824 

XGBoost Regressor 201.3 267.4 0.921 

Proposed LSTM Model 168.28 220.70 0.9921 
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The trained LSTM model predicted energy demand for the 18184 samples with MAE = 

168.28 MW, RMSE = 220.70 MW and RZ = 0.9921, indicating that 99.21% of variance in 

electricity demand has been captured. This has been a significant improvement over linear 

regression (523.4 MW) and ARIMA (389.7 MW) that reported 67.8% and 56.8% more 

MAE respectively, compared to the current model. Even when compared to the powerful 

XGBoost, the LSTM was 16.4% more accurate in terms of MAE, suggesting the strength of 

deep sequence aware models in modeling energy consumption.  

4.6.2 SHAP Feature Importance Analysis 

Figure 4.5 displays the SHAP analysis that displays the mean absolute SHAP value of the 

top 20 features contributing to the prediction for 300 test instances across the dataset 

computed using GradientExplainer.  



 

  

40 

 

Figure 4.5: SHAP Feature Importance – Top Predictors of Energy Consumption 

It's worth noticing that (t-1lag1) (SHAP: 0.21) is the most dominant feature by far and the (t-

2lag24) (SHAP: 0.05), (t-1lag24) (SHAP:0.04) and (t-3lag1) (SHAP: 0.03) appear as second 

and third dominant features. This clearly indicates that the consumption of previous hour is 

most predictable. This is attributed to the fact that electricity demand has a high degree of 

autocorrelation and can therefore be accurately modeled. The day of the week feature (t-

22weekend), on the other hand, ranks below features associated with temporal patterns due to 

their inclusion implicitly within the lag features, despite clearly denoting the day of the week 

effect that significantly influences consumption patterns. This analysis also confirmed that 

the model has truly captured the underlying dynamics rather than any mere statistical 
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correlation; hence this provides a meaningful and reliable means for electricity suppliers to 

plan generation accordingly.  
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CHAPTER FIVE 

SUMMARY, CONCLUSION AND RECOMMENDATIONS 

5.1 Introduction 

This chapter summarizes the study, drawing conclusions based on the research objectives 

and discussing future research and implementation of the system. 

5.2 Summary of the Study 

Chapter One introduced the problem of energy consumption prediction in the context of 

smart grid management; highlighted limitations with existing methods including statistical 

forecasting techniques and the interpretability gap for machine learning approaches. Five 

research objectives along with significance, scope and limitation were defined for the study.  

Chapter Two presented a comprehensive survey of various literature on forecasting with 

emphasis on traditional time-series techniques, ML models, deep learning based on LSTM 

and AI interpretability techniques. Literature indicated a gap in end-to-end integration of a 

stacked LSTM and SHAP based explanation for hourly grid level energy forecasting.  

Chapter Three analyzed the system design including diagrams such as UML use-case, 

activity, class and system architecture diagram; defined the requirements and specified the 

methodology for Object Oriented analysis and design. 

Chapter Four focused on the implementation aspect, wherein the PJM dataset (121,273 

records) was partitioned into 84,857 (70%), 18,184 (15%), and 18,184 (15%) samples for 

training, validation and testing respectively. Stacked LSTM with 120,641 parameters was 

trained for 50 epochs with no early stopping trigger, yielding 7.43e-04 and 2.10e-04 for 

MSE on training and validation data respectively and the evaluation on test set reported an 

MAE of 168.28 MW, RMSE of 220.70 MW, and RZ of 0.9921. SHAP analysis resulted in 

't-1lag1' feature having the highest mean absolute SHAP value of 0.21.  
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5.3 Conclusion  

The proposed study achieved all five objectives as set forth earlier. The RZ of 0.9921 

achieved by stacked LSTM suggests 99.21% of the variance is explained by the model, hence 

it performed better than linear regression, ARIMA and XGBoost model by a margin. The 

results obtained from SHAP explained that the features have meaningful relation, confirming 

that the learned representations were not merely statistical artifacts but accurately capture the 

behavior of electricity demand. 

Our initial research hypothesis, stating that deep learning combined with explainability 

approaches should lead to a system that is more accurate and operationally effective than 

prior state-of-the-art methods, was supported to an extent that was almost overwhelming. It is 

clear that near perfect prediction accuracy alongside SHAP-driven explainability can be used 

to validate that explainable deep learning is a practically applicable approach in advancing 

the management of smart grids. It is clear that our proposed method can be applied to the 

Nigerian grid datasets readily available from the Transmission Company of Nigeria (TCN) or 

from the various DISCOs where increased forecasting accuracy can provide real benefits in 

the Reduction of Power Outages. 

5.4 Recommendations 

1) Extending the prediction to a 24-hour and 48-hour forecast using a sequence-to-

sequence LSTM architecture or using Temporal Fusion Transformers. 

2) Incorporating actual weather data into the system via meteorologic APIs to enhance 

the system performance when facing adverse weather conditions. 

3) Applying the described method to Nigerian energy consumption data (TCN dataset) 

to evaluate the system in a local context. 
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4) Deploying the developed system in a web-based platform as an operational tool, 

possibly with a Flask/FastAPI interface and a dashboard, to generate both forecast 

and explanation to grid operators. 

5) Comparing other deep learning architectures, such as the Transformer models 

(Temporal Fusion Transformer, PatchTST), with the LSTM based model for a more 

exhaustive evaluation in terms of accuracy-efficiency trade-off. 

6) For household level prediction using smart meters, investigating federated learning 

to maintain data privacy. 
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APPENDICES 

Appendix A: Core Python Implementation 

import numpy as np, pandas as pd from sklearn.preprocessing import MinMaxScaler from 

sklearn.metrics import mean_absolute_error, mean_squared_error, r2_score from 

tensorflow.keras.models import Sequential from tensorflow.keras.layers import LSTM, Dense, 

Dropout import shap, matplotlib.pyplot as plt np.random.seed(42) import tensorflow as tf; 

tf.random.set_seed(42) df = pd.read_csv('AEP_hourly.csv', parse_dates=['Datetime'], 

index_col='Datetime') df.sort_index(inplace=True) df['hour'] 

= df.index.hour; df['day_of_week'] = df.index.dayofweek df['month'] = df.index.month; 

df['is_weekend'] = (df.index.dayofweek>=5).astype(int) df['lag1'] = df['AEP_MW'].shift(1); 

df['lag24'] = df['AEP_MW'].shift(24) df.dropna(inplace=True) FEATURES = 

['hour','day_of_week','month','is_weekend','lag1','lag24','AEP_MW'] SEQ_LEN 

= 24 scaler = MinMaxScaler() scaled = scaler.fit_transform(df[FEATURES]) X, y = [], [] for 

i in range(SEQ_LEN, len(scaled)): X.append(scaled[i-SEQ_LEN:i, :-1]); 

y.append(scaled[i, -1]) X, y = np.array(X), np.array(y) # Shape: X=(121225, 24, 6) 

y=(121225,) split1 = int(0.70*len(X)); split2 = int(0.85*len(X)) X_train,X_val,X_test 

= X[:split1],X[split1:split2],X[split2:] y_train,y_val,y_test = 

y[:split1],y[split1:split2],y[split2:] # Train:84857 | Val:18184 | Test:18184 model = 

Sequential([ LSTM(128, return_sequences=True, input_shape=(SEQ_LEN, 

X.shape[2])), LSTM(64, return_sequences=False), Dense(32, activation='relu'),

 Dropout(0.2), Dense(1) ]) model.compile(optimizer='adam', loss='mse') 

history = model.fit(X_train, y_train, validation_data=(X_val,y_val),  epochs=50, 

batch_size=64, verbose=1) def inverse_target(vals):  d = np.zeros((len(vals), 

len(FEATURES))); d[:,-1] = vals  return scaler.inverse_transform(d)[:,-1] y_pred 

= inverse_target(model.predict(X_test).flatten()) y_true = inverse_target(y_test) print(f"MAE: 
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{mean_absolute_error(y_true,y_pred):.2f} MW")  # 168.28 MW 

print(f"RMSE: 

{np.sqrt(mean_squared_error(y_true,y_pred)):.2f} MW") # 220.70 MW print(f"R2: 

{r2_score(y_true,y_pred):.4f}") # 0.9921 explainer = shap.GradientExplainer(model, 

X_train[:200]) shap_values = explainer.shap_values(X_test[:300]) 

shap.summary_plot(shap_values[0][:,-1,:], X_test[:300,-1,:], 

feature_names=['hour','day_of_week','month','is_weekend','lag1','lag24'], plot_type='bar') 

 

Appendix B: Dataset Source 

Dataset: PJM Interconnection Hourly Energy Consumption — AEP Region 

Source: Kaggle — https://www.kaggle.com/datasets/robikscube/hourly-energy-consumption 

Records: 121,273 hourly observations (October 2004 – August 2018) 

Region: AEP (American Electric Power) Transmission Zone, United States 

 

Appendix C: Confirmed Model Performance 

• Test MAE: 168.28 MW 

• Test RMSE: 220.70 MW 

• Test RZ: 0.9921 (99.21% variance explained) 

• Training samples: 84,857 | Validation: 18,184 | Test: 18,184 

• Total epochs: 50 (no early stopping triggered) 

• Input shape: (samples, 24, 6) — 24-hour lookback, 6 features 

• Total trainable parameters: 120,641 (471.25 KB) 

• Top SHAP predictor: t-1_lag1 (SHAP ≈ 0.21) 

 

https://www.kaggle.com/datasets/robikscube/hourly-energy-consumption
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