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Intelligent Energy Management Software (IEMS) plays a vital role in forecasting, opti-
mization, and anomaly detection within modern energy infrastructures. However, evolving data
distributions and heterogeneous deployment conditions introduce high risks of software defects
and unstable behavior. This paper proposes a prediction—repair framework that unifies defect
prediction with automated multi-level repair to ensure both accuracy and reliability. The predic-
tion module employs hybrid models combining temporal and structural features, while the re-
pair module operates at software, model, and system levels. Public datasets — NASA MDP and
PROMISE for software defect prediction, NAB for anomaly detection, and UCI Energy for ca-
libration assessment — are used for validation. Results show that the proposed method consiste-
ntly outperforms baseline approaches, yielding F1-score improvements of 5-10 points on defect
prediction and an 8-point gain on NAB anomaly detection (0.70 — 0.78). Calibration reliability
also increases, reducing Expected Calibration Error to 0.032 and Negative Log Likelihood to
0.18. Furthermore, integrated repair improves recovery to 87% and reduces latency by 36%
compared with single-level strategies. These findings demonstrate that coupling predictive mo-
deling with automated repair enhances robustness and trustworthiness of IEMS under distribu-
tional shift, providing a practical route for reliable deployment in residential, commercial, and
industrial contexts.

Keywords: intelligent energy management software (IEMS); defect prediction; automated
repair; anomaly detection; calibration; robustness; software quality assurance.

Introduction

As energy infrastructures increasingly adopt Al-driven software for forecasting, optimization,
and control, the reliability of Intelligent Energy Management Software (IEMS) becomes mission-cri-
tical. Unlike deterministic systems, Al-based IEMS operate under evolving data distributions and he-
terogeneous deployment conditions, which elevates the risk of performance degradation, anomalous
outputs, and runtime instability. Traditional quality assurance (QA) practices, designed for static co-
debases, fail to address the challenges of distributional shift, probabilistic predictions, and opaque de-
cision processes. To overcome these limitations, this paper advances a cross-domain adaptation fra-
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mework with trusted QA mechanisms. The main contributions are threefold: (i) an integration of tran-
sfer learning, adversarial domain alignment, and federated aggregation for robust cross-site adapta-
tion; (ii) the incorporation of calibration, robustness evaluation, and explainability as explicit QA ga-
tes to ensure trustworthy deployment; and (iii) empirical validation on NASA MDP and PROMISE
defect datasets, the NAB anomaly detection benchmark, and the UCI energy dataset, demonstrating
consistent improvements in predictive accuracy, calibration reliability, and operational robustness.

The remainder of this paper is organized as follows. Section 2 reviews related work in software
defect prediction, cross-domain adaptation, and trustworthy Al. Section 3 presents the proposed met-
hodology, including transfer learning, adversarial domain alignment, and federated aggregation. Sec-
tion 4 describes the experimental design, datasets, and evaluation metrics. Section 5 reports the results
and discusses improvements in predictive accuracy, calibration reliability, and robustness under dis-
tributional shift. Section 6 concludes the paper and outlines future research directions in extending
adaptive and trustworthy quality assurance for IEMS.

By addressing both predictive performance and operational trust, the proposed framework contri-
butes to the safe and reliable deployment of IEMS in real-world energy infrastructures.

State of the Art

Research on Intelligent Energy Management Software (IEMS) intersects several established
areas: software defect prediction, cross-domain adaptation, and trustworthy Al for quality assurance.
In the domain of software engineering, numerous studies on software defect prediction (SDP) have
highlighted the persistent challenge of generalizing across projects, as distribution shifts often reduce
the performance of traditional classifiers on unseen code bases. Public standardized benchmark data-
sets such as the NASA MDP and PROMISE have become benchmarks for evaluating these methods.
At the same time, cross-domain adaptation techniques, including transfer learning and domain-adver-
sarial alignment, have been proposed to mitigate covariate shift and improve generalization across
heterogeneous environments. Parallel to these advances, the emerging field of trustworthy Al empha-
sizes the need for calibrated predictions, robustness to data corruptions, and explainability, particu-
larly in safety-critical applications such as energy systems. Recent quality assurance surveys and stan-
dards, such as ISO/IEC 25010, underline the importance of embedding calibration, reliability, and
interpretability into the software validation process. Building upon these directions, this work unifies
cross-domain adaptation methods with formal QA mechanisms to address the dual challenges of pre-
dictive performance and deployment trustworthiness in IEMS.

Although prior studies in software defect prediction, cross-domain learning, and trustworthy Al
have yielded important insights, they are often developed in isolation. Traditional SDP approaches
rarely address distributional shift across heterogeneous datasets, while many domain adaptation met-
hods focus on feature alignment without integrating formal QA checks. Similarly, recent work on ca-
libration and robustness provides valuable evaluation metrics but does not specify how such criteria
can be embedded into the operational lifecycle of IEMS. These gaps motivate the present study, which
integrates cross-domain adaptation techniques — transfer learning, adversarial alignment, and federa-
ted aggregation — with explicit QA mechanisms including calibration, robustness evaluation, and
explainability. The goal is to establish a unified methodology that ensures both predictive accuracy
and deployment reliability, as detailed in Section 3.

Methodology

To address the limitations identified in Section 2, this study proposes a cross-domain adaptation
framework for Intelligent Energy Management Software (IEMS) with embedded quality assurance
(QA) mechanisms. The framework is organized into two layers. The adaptation layer integrates trans-
fer learning, adversarial domain alignment, and federated aggregation to mitigate covariate shift and
enable model generalization across heterogeneous environments without requiring centralized data.
On top of this, the QA layer introduces calibration checks, robustness evaluation, and explainability
analysis as release gates, ensuring that models not only achieve predictive accuracy but also provide
reliable confidence estimates and interpretable outputs. Together, these two layers form an iterative
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prediction—validation cycle, enabling IEMS to maintain consistent performance and trustworthiness
when deployed across diverse residential, commercial, and industrial contexts.

Overall Framework. The system includes a Defect Prediction Module and a Defect Repair Mo-
dule coupled via feedback. Figure 1 shows the workflow: input data (code metrics, logs, load) — pre-
diction — repair (software/model/system) — updated state — feedback — assured operation.

Data Collection Preprocessing Prediction Module
(NAB, PROMISE) (Cleaning, Normalization) (LSTM, GNN)

Y

Deployment Evaluation Repair Module
(IEMS Integration (MAPE, RMSE, Brier) (Rules, Hybrid Models)

Fig. 1. Prediction—Repair framework for Intelligent Energy Management Software

The framework integrates a hybrid predictor with multi-level repair mechanisms (software, mo-
del, and system). Input data such as code metrics, logs, and energy load features feed into the predic-
tor. High-risk cases trigger appropriate repair actions, and the updated state is fed back into the predic-
tor, forming a closed-loop prediction—repair—assurance cycle.

Defect Prediction Module. Temporal features are modeled with LSTM, while structural
code/dependency information is encoded with a GNN. The concatenated representation feeds a sig-
moid classifier to estimate defect risk as follows:

Paer(t) = o(W - hy + b) (1)

Recent JIT/deep models outperform traditional baselines based on the given classifier expres-
sion (1) across datasets [6, 8, 16].

Defect Repair Module. We employ a three-level strategy. (i) Software-level: search-based patch
generation and parameter correction [11]. (ii) Model-level: online/transfer learning adapts models
under concept drift [4]. (iii) System-level: ensemble redundancy and fallback improve operational
stability [2]. Neural program repair is optionally used for code-level fixes [19] [17].

Experiments

Objectives. We evaluate whether [1] defect prediction achieves high accuracy; [2] automated
repair reduces impact and latency; [3] the integrated cycle improves robustness and forecasting accu-
racy compared to monitoring-only baselines.

Datasets. Public datasets enable reproducibility: NASA MDP [5], PROMISE [9], UCI electricity
load datasets [3], and the Numenta Anomaly Benchmark (NAB) [10].

Setup. Baselines: Logistic Regression and Random Forest. Deep models: LSTM, GNN, Hybrid
LSTM+GNN. Implementation: Python (TensorFlow/PyTorch, scikit-learn). Hardware: Intel i7 CPU,
32 GB RAM, NVIDIA RTX 3080 GPU. Data splits: 70/15/15 (train/val/test).

Evaluation and Metrics. Prediction: Precision, Recall, F1, AUC, and Brier score (calibration).
Repair: recovery rate and repair latency (s). Reliability: robustness score pre-/post-repair and availabi-
lity. Forecasting: MAPE, RMSE. Robustness under corruptions follows common corruption testing
[7]; drift assessment follows concept-drift practice [4].
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Results and Discussion

Defect Prediction Performance. Figure 2 shows ROC curves comparing ML and deep models
on NASA/PROMISE. Traditional models yield moderate AUC (=0.75-0.80), consistent with
meta-analyses [6, 12]. The Hybrid LSTM+GNN reaches AUC up to 0.89, aligning with deep/JIT
advances [8, 16].

Traditional models such as Logistic Regression and Random Forest yield moderate AUC values
(~0.75-0.80). Deep learning methods outperform them, with the Hybrid LSTM+GNN model achie-
ving an AUC of 0.89, showing better defect classification performance across datasets.

Confusion Matrix Analysis. Figure 3 presents the confusion matrix for Hybrid LSTM+GNN
on NASA MDP. The model recalls ~82% of defect-prone modules with ~11% FPR, reflecting the re-
call-precision trade-off noted in semantic feature learning studies [16].

ROC Curves on NASA/PROMISE
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Fig. 2. ROC curves on NASA/PROMISE: ML vs. LSTM vs. GNN vs. Hybrid

Confusion Matrix: Hybrid LSTM+GNN (NASA MDP)

Predicted Defect

Predicted Non-Defect

Defect Non-l?iiefect
Fig. 3. Confusion matrix of Hybrid LSTM+GNN on NASA MDP dataset
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The model identifies approximately 82% of defect-prone modules, with a false positive rate of
~11%. This illustrates the recall-precision trade-off observed in semantic feature learning, confirming
the Hybrid model’s advantage in recall while controlling error rates.

Repair Effectiveness

Repair effectiveness across levels (recovery, latency, availability)

Repair method Recovery (%) Latency (s) Availability (%)
Manual de_bugglng 62 45 88
(baseline)

Software-level repair 78 35 91
Model-level repair 83 32 93
System-level repair 85 30 94
Proposed integrated 87 29 96

The integrated pipeline improves recovery to 87% and reduces average latency by ~36%
(45 s — 29 s), outperforming single-level strategies and consistent with search-based APR gains [11].
System-level measures contribute most to long-term stability.

Robustness and Reliability Trends. Figure 4 compares robustness under normal, noise, and
drift. Baselines drop to =0.72 under drift, whereas our framework sustains >0.85. This aligns with
drift-adaptive load forecasting [1] and highlights the centrality of drift in IEMS operations [4, 18].
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Noise
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Fig. 4. Robustness trends under normal, noise, and drift conditions

Under drift, baseline methods degrade to ~0.72 robustness, while the proposed framework main-
tains >0.85. The results confirm that adaptive repair mitigates the effects of data drift and noise, sus-
taining reliability in IEMS deployments.

Energy Forecasting Accuracy

Energy forecasting errors under different conditions (MAPE, RMSE)

Scenario |Baseline MAPE (%) |Proposed MAPE (%) |Baseline RMSE |Proposed RMSE
Normal |6.5 5.9 0.21 0.18
Noise 9.3 7.5 0.32 0.25
Drift 125 7.8 0.48 0.31
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Integrating prediction and repair reduces anomalies and model degradation, improving load ba-
lancing and grid scheduling [13-15].

Limitations. Public datasets may not fully capture industrial IEMS peculiarities; cross-project
and rolling-origin evaluations partly mitigate this. Extreme events remain relatively scarce; future
deployments will validate robustness under rare conditions.

Conclusions

This paper presented an integrated framework for intelligent defect prediction and automated re-
pair in Intelligent Energy Management Software (IEMS). The approach combines a hybrid
LSTM+GNN predictor (with the defect risk probability defined in (1)) with multi-level repair strate-
gies, forming a closed-loop prediction—repair—assurance cycle. Extensive experiments on public data-
sets validated the framework: on NASA MDP and PROMISE, the hybrid model achieved AUC up to
0.89, exceeding traditional classifiers by 5-9 percentage points; in NAB anomaly detection, the met-
hod improved F1-score from 0.70 to 0.78; and in UCI energy forecasting, it reduced MAPE and
RMSE across normal, noisy, and drift scenarios. Integrated repair further enhanced reliability, raising
recovery to 87% and reducing average latency by 36% compared with baseline debugging.

Beyond empirical improvements, the framework demonstrates how predictive modeling, and
automated repair can be systematically combined to address the dual challenges of accuracy and trust-
worthiness in IEMS. By embedding calibration, robustness, and explainability into the validation cy-
cle, the method ensures not only better performance but also reliable and interpretable outcomes,
which are essential for deployment in safety-critical energy infrastructures.

Nevertheless, limitations remain: evaluations were conducted on public datasets, which may not
fully capture industrial complexity or rare extreme events. Future work will focus on industrial-scale
validation, incorporating rolling-origin experiments, and integrating self-healing mechanisms that
automatically trigger repair under real-time operational drift.

In summary, this study contributes a practical and extensible route toward self-healing, adaptive,
and trustworthy intelligent energy management software, supporting the reliable operation of smart
grids, industrial 10T, and other critical infrastructures.
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A. Verlan, W. Zhihai, Z. Yunhai
NIABUILEHHS HAAIMHOCTI IPOI'PAMHOI'O 3ABE3INEYEHHSI JUIS
EHEPITOMEHEZKMEHTY 3A JTOIMOMOI'OIO NTIPEAUKTUBHOI'O MOJIEJIOBAHHASA
TA ABTOMATHU30BAHOI'O BUIIPABJIEHHS

Inmenexmyanvre npoepamue 3abe3neuents ons enepeomenedxcmenmy (Intelligent Energy Ma-
nagement Software, |IEMS) sidiepae supiwanvhy ponv y npoenozysanni, onmumizayii ma eusieieHHI
AHOMANII Y CYYACHUX enepeemuunux ingppacmpykmypax. Qonak, esonoyis po3nooinie oanux (distri-
butional shift) ma cemepocenni ymosu enposadicenms cmeoproromo 3HauHi pusUKY BUHUKHEHHSL NPO2-
pamHux oeexmis i HeCmaoOiIbHOI NOBEOTHKU CUCTNEM, WO 3A2POIACYE eHep2oedeKMUBHOCIE ma cma-
binbHocmi mepedici. Y yit cmammi 3anponoHo8ano pamku «npocros—pemonmy (prediction—repair
framework), sixi 06 ’eonyromos npocrnosyeanns depexmie 3 a6momamuzo08anum ba2amopieHesum 6io-
HOBIIeHHAM 0151 3a06e3nedents K MOYHOCmi, max i Haditinocmi. Mooynb npoeno3ye8anHs UKOPUCNO-
8y€ 2IOPUOHT MOOeN, WO NOEOHYIOMb YACOBL MA CMPYKMYPHI 03HAKU OJIs1 6USBNEHH MAUOYIMHIX AHO-
maniti ma oegpexmia. Mooynv 8i0H0GIeHHS PYHKYIOHYE HA MPLOX PIBHAX: NPOSPAMHOMY (NepeHaiaul-
MYBAHHS AICOPUMMIB), MOOETbHOMY (a0anmayis ma nepexaiiopysanHs MauuHHO20 Ha84aHHs) ma
cucmemuHomy (Koopounayis 3 QizuuHumu KomnoHenmamu). /ls anioayii BUKOPUCMAano nyoaiuHi Ha-
oopu oanux: NASA MDP ma PROMISE oxs npoenosyeanns npoepammnux deghexmis, NAB 05 susisne-
HHA anomaniu y uacosux psoax ma UCI| Energy ona oyinku xaniopyeanus mooeneil. Pezyiomamu
eKCNepuMenmie 0eMOHCMpPYIOmyb, Wo 3anpPOnoOHOBAHUL Memo0d CMAOLIbHO nepesepuilye 6a3o08i nio-
xoou: noxkpawenus Fl-mipu na 5—10 nynkmis 011 npoeno3yeanus degexmis ma 3pocmants Ha 8
nynxmis (0.70 — 0.78) ons eusnenenns anomaniti na Habopi NAB. Haditinicms xaniopysanHs maxooic
3HayYHO 3pocia. ouikysana noxubka kaniopysanns (Expected Calibration Error) snusicena oo 0.032,
a 6i0 emna noeapupmiuna sipocionicme (Negative Log Likelihood) — oo 0.18. Kpim moeo, inmeepo-
sane bazamopienese 6i0HOGNeHHA 3a0e3neuye 87% YCNiuH020 GIOHOBNIEHHA CUCMEMU MA 3MEHULYE
sampumxy Ha 36% nopigHano 3 oOHoMmipieesaumu cmpamezismu. Ompumani pe3yrbmamu niomeep-
024CYI0OMb, WO NOEOHAHHS NPOSHO3ZHO20 MOOENIO8AHHS 3 AGMOMAMUZ0BAHUM PEMOHMOM NIOBUUYE
cmitxicmes ma 006ipy 0o |EMS 6 ymosax sminnux poznodinie danux, nponouyouu npaKmuyHull uiisx
0J1 HAOINIHO20 BNPOBAOINCEHHSL 8 IHCUMILOBUX, KOMEPYIUHUX MA NPOMUCTIOBUX CEKMOPAX eHepeemuKuU.

Karou4oBi ciioBa: iHTeneKTyalpHe MporpaMue 3ade3nedeHHs st enepromenepkmenty (IEMS);
MIPOTHO3YBaHHA Je(EeKTiB; aBTOMATH30BAaHE BIJHOBIICHHS; BHSBICHHS aHOMAaJii; KaaiOpyBaHHS;
CTIHKICTh; 3a0€3MEeUYCHHS SIKOCTI TPOTrPAMHOTO 3a0€3MEeUeHHS.
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