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Cross-domain adaptation and trusted quality assurance
of intelligent energy management software

Intelligent Energy Management Software must ensure reliable operation
across heterogeneous domains where data distributions and system environ-
ments frequently vary. This paper introduces a cross-domain adaptation and
trusted quality assurance framework that combines transfer learning, adver-
sarial domain alignment, and calibration based reliability assessment, vali-
dated on NASA MDP, PROMISE, NAB, and UCI energy benchmarks. Com-
pared with strong baselines such as Random Forest, Convolutional Neural
Networks, and Gated Recurrent Units, the proposed method achieves con-
sistent improvements, yielding absolute F; score gains of 5 to 10 points on
defect prediction (NASA MDP, PROMISE) and an increase of 8 points on
anomaly detection (NAB, from 0.70 to 0.78), while reducing Expected Cali-
bration Errorto 0.032 (a 22 to 42 percent reduction relative to Bayesian CNN
baselines) and Negative Log Likelihood to 0.18, thereby demonstrating that
integrating cross-domain adaptation with rigorous quality assurance mecha-
nisms significantly enhances both predictive performance and reliability in

real world IEMS deployments.

Key words: Intelligent Energy Management Software (IEMS); Cross-Domain
Adaptation; Transfer Learning; Domain-Adversarial Training; Trustworthy
Artificial Intelligence; Software Quality Assurance; Calibration,; Explaina-

bility.

1. Introduction

Intelligent Energy Management Software (IEMS) plays an increasingly important
role in modern smart grid systems, distributed energy infrastructures, and energy optimi-
zation platforms. With the rapid deployment of renewable energy resources, heteroge-
neous sensors, and intelligent control systems, IEMS must operate reliably across dy-

namic and heterogeneous environments.
© Wang Zhihai, A. A. Verlan
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However, practical deployment environments often exhibit substantial differences
in data distributions, operational conditions, sensor configurations, and software infra-
structures. These cross-domain discrepancies may reduce model generalization ability
and negatively affect the reliability of intelligent decision-making systems.

Traditional quality assurance (QA) approaches are commonly designed for static
and homogeneous environments. Consequently, models trained in one deployment envi-
ronment may experience performance degradation when transferred to different opera-
tional domains. This limitation creates challenges for the reliable deployment of Al-
driven energy management systems.

Traditional quality assurance (QA) pipelines, however, were not built for this pur-
pose. They typically assume that what works in one facility will work in another, an as-
sumption that rarely holds. When a model trained in one plant is deployed to a different
site with unfamiliar sensors, distinct load behaviors, or mismatched software infrastruc-
tures, performance often degrades silently and unpredictably. The result is not merely an
academic inconvenience, but a practical vulnerability in systems that affect energy costs,
grid stability, and carbon emissions.

Recent studies have explored transfer learning and domain adaptation techniques to
address cross-domain discrepancies in intelligent systems [1, 2]. These approaches im-
prove model generalization ability across heterogeneous environments and reduce per-
formance degradation caused by distribution shifts [3].

In parallel, federated learning methods have been introduced to support distributed
collaborative model training while preserving data privacy [4, 5]. Such approaches are
particularly important for intelligent energy systems involving multiple distributed infra-
structures and heterogeneous operational environments.

In addition, trustworthy artificial intelligence has become an important research di-
rection in safety-critical software systems. Calibration assessment, robustness evaluation,
and explainability analysis are increasingly incorporated into quality assurance work-
flows to improve the reliability and interpretability of Al-driven systems [6—10].

Although substantial progress has been achieved in domain adaptation, federated
learning, and trustworthy Al, these approaches are often studied independently. Limited
research has investigated the integration of cross-domain adaptation mechanisms and for-
mal quality assurance frameworks within Intelligent Energy Management Software
(IEMS).

Therefore, a unified framework that simultaneously addresses cross-domain adap-
tation, reliability assessment, calibration, robustness, and explainability remains neces-
sary for practical IEMS deployment.

To address the above limitations, this study proposes a unified framework integra-
ting cross-domain adaptation and trusted quality assurance mechanisms for Intelligent
Energy Management Software (IEMS).

The main contributions of this study are summarized as follows:

1) a cross-domain adaptation framework integrating transfer learning and adversar-
ial domain alignment to improve model generalization across heterogeneous deployment
environments [1, 2];

2) a trusted QA layer incorporating calibration assessment, robustness evaluation,
and explainability analysis to improve the reliability and interpretability of intelligent en-
ergy management systems [6—10];
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3) comprehensive experimental validation on publicly available datasets, including
NASA MDP, PROMISE, NAB, and UCI Energy datasets, demonstrating improvements
in defect prediction, anomaly detection, and calibration performance [11-14].

The remainder of this paper is organized as follows. Section 2 reviews related work
in domain adaptation and trustworthy QA. Section 3 details the proposed framework.
Sections 4 and 5 present the experimental setup and results, respectively. Section 6 con-
cludes the paper and discusses the main implications and limitations of the proposed
framework.

2. Related Work

Research on cross-domain adaptation has gained substantial traction in computer
vision and natural language processing, where techniques such as adversarial training,
feature alignment, and transfer learning have demonstrated considerable effectiveness [1—
3]. Within software engineering, defect prediction has traditionally relied on supervised
learning confined to a single project, achieving only limited generalizability when applied
across projects [3, 11, 12]. To overcome these limitations, domain-adaptive approaches
— such as transfer component analysis and adversarial neural networks — have recently
been introduced and shown promising results in cross-project defect prediction [2, 13].

Parallel to these efforts, the field of trusted quality assurance has become increas-
ingly prominent. Calibration metrics, particularly Expected Calibration Error (ECE) and
Negative Log Likelihood (NLL), are now standard tools in evaluating trustworthy Al sys-
tems [6, 7]. Techniques including temperature scaling and Bayesian deep learning have
been proposed to enhance calibration performance [6]. In addition, robustness studies,
such as adversarial perturbation analyses, underscore the importance of QA frameworks
that extend beyond predictive accuracy alone [9]. Complementing these dimensions, ex-
plainability methods such as SHAP and LIME have been widely employed to improve
the transparency and interpretability of model predictions [10].

Despite these advances, relatively few studies have attempted to integrate cross-
domain adaptation with a formalized QA layer in the context of IEMS. This work ad-
dresses that gap by proposing a unified framework that combines domain adaptation with
calibration, robustness, and explainability mechanisms.

3. Methodology

This study proposes a two-layer architecture that integrates cross-domain adapta-
tion with a trusted quality assurance (QA) layer to enable reliable IEMS performance
across heterogeneous domains (Fig. 1).

To improve the reproducibility and interpretability of the proposed framework, the
overall cross-domain adaptation and trusted QA workflow algorithm is summarized as
follows.

Step 1. Source-domain and target-domain datasets are collected from heterogene-
ous intelligent energy management environments.

Step 2. Data preprocessing and feature normalization are performed to reduce in-
consistencies between heterogeneous data sources.

Step 3. Transfer learning is applied to initialize the target-domain model using
source-domain knowledge.
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Step 4. Domain-adversarial alignment is employed to minimize feature distribution
discrepancies between heterogeneous domains.

Step S. Federated aggregation is conducted to support distributed collaborative
learning without exposing raw data.

Step 6. The trusted QA layer evaluates calibration, robustness, and explainability
indicators.

Step 7. QA metrics, including Expected Calibration Error (ECE), Negative Log
Likelihood (NLL), and robustness margin, are calculated to assess model reliability.

Step 8. Final QA decisions are generated to support reliable deployment of Intelli-
gent Energy Management Software (IEMS).

Input Data Cross-Domain Prediction & Detection Trusted QA
(Energy Loads, Adaptation (Defect Prediction, (Uncertainty Estimation,

Defect Logs, (Transfer Learning, Anomaly Detection) Calibration,
Sensor Streams) Domain Mapping) Robustness)

Quality-Assured
IEMS Operation

—

Figure 1. Proposed cross-domain adaptation and QA framework

As illustrated in Fig. 1, the proposed framework processes heterogeneous data
through three sequential adaptation mechanisms: transfer learning, adversarial alignment,
and federated aggregation. Transfer learning leverages labeled source-domain data to in-
itialize target-domain models. Adversarial alignment minimizes domain-discriminative
features, thereby reducing distributional discrepancies across environments [1, 2]. Feder-
ated aggregation supports collaborative model updates across distributed utilities without
exposing raw data [4, 5]. The output of this stage consists of domain-adapted representa-
tions that are subsequently passed to the trusted QA layer.

The trusted QA layer applies three evaluation mechanisms: calibration, robustness
assessment, and explainability. Calibration is quantified using Expected Calibration Error
(ECE) and Negative Log Likelihood (NLL) to ensure that predicted probabilities reflect
true likelihoods [6, 8]. Robustness assessment evaluates model stability under input per-
turbations [9]. Explainability is achieved via SHAP and LIME, providing feature-level
interpretations of model outputs [8, 9]. These mechanisms function as quality checkpoints
within the deployment pipeline

3.1. Transfer Learning

Given a source domain Ds and a target domain Dt where Ps(x)#Pt(x), we fine-tune
a pre-trained source model on limited target labels. Thus, we determine the Transfer
Learning Loss:

Ly, = Lsup(fo(x9), ¥©) + 2116 — 6]I%, (1
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where Lr;, denotes the transfer learning loss, L,,,, represents the supervised classification

loss, fg(x*) denotes the prediction function parameterized by 0, )’ represents the target-
domain labels, 4 is the regularization coefficient, and ||® — 0,]|? constrains the target-do-
main parameters to remain close to the source-domain model parameters.

3.2. Adversarial Domain Adaptation

To minimize distributional shift, we apply adversarial feature alignment using a do-
main discriminator:

minmax Logy = Eys.p[log D (F(x*))] + Eyep, [log(1=D(F(xD)], ()
where F denotes the feature extractor, D represents the domain discriminator, x*~D, and

x'~D, denote source-domain and target-domain samples respectively, and L, represents
the adversarial domain adaptation loss.

3.3. Federated Learning

In distributed utility settings, federated learning aggregates local models without
raw data sharing:

t
0D = 3K 2o, N =TK_ . 3)

where 0/ denotes the updated global model parameters; K represents the number of
participating clients; n, is the sample size of client k; N denotes the total number of samp-

les across all clients; Gg) represents the local model parameters of client k at iteration ¢.
The Supervised Learning Objective is expressed as follows:

1
Lsup =T n ?:13’1’ logp yilx:), 4)

where Lg,,,, denotes the supervised learning loss; n represents the total number of training
samples; y.denotes the ground-truth label of sample i'; p(y |x;) represents the predicted
probability for the corresponding class given input x;.

3.4. Trusted QA Layer

Calibration, robustness and explainability are integrated into the following QA
pipeline:
1) Expected Calibration Error (ECE):

ECE = S}y "™ acc(By) — conf (Bn), (5)

where M denotes the number of confidence bins; By, represents the set of samples be-
longing to the m-th confidence interval; n is the total number of samples; acc(B,,) denotes
the prediction accuracy within bin B,,; conf(B,,,) represents the average confidence score
of predictions within the corresponding bin;

2) Negative Log Likelihood (NLL):

1
NLL = =i, logpy, (xy), (6)
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where y; denotes the ground-truth label, p,, (x;) represents the predicted probability for
the corresponding class, and N is the total number of evaluated samples;
3) Brier Score:

Brier = -1 %ot (pic — 1Dy = €)%, ()

where n denotes the total number of samples; C represents the number of classes; p;. de-
notes the predicted probability that sample i belongs to class c; 1[y; = c] is an indicator
function that equals 1 when the true label of sample i belongs to class ¢ and 0
otherwise;

4) Temperature Scaling:

p = softmax(z/T), T >0, (8)

where p denotes the calibrated probability distribution; z represents the model logits be-
fore calibration; Z is the temperature parameter used for probability calibration; soft-
max(-) denotes the softmax activation function. The condition T > 0 ensures valid prob-
ability;

5) Entropy:

H(p) = — ¥¢=1pc logpe, ©)
where H(p) denotes the entropy of the prediction probability distribution; p_ represents

the predicted probability for class c; c is the class index; C denotes the total number of
output classes;
6) Robustness Margin:

AR(€) = Rejean — Rnoisy(e)a (10)

where AR (€) denotes the robustness margin under perturbation level €; R .4, represents
the model performance on clean input data; Ry,,;s, (€) denotes the model performance
under perturbed or noisy conditions.

Together, these components constitute a unified pipeline that simultaneously en-
hances predictive transfer across domains while embedding formal QA checks to ensure
the trustworthiness of IEMS deployments.

4. Experimental Design

4.1. Datasets

We evaluate the proposed framework on four publicly available benchmarks: the
NASA MDP and PROMISE defect prediction datasets, the NAB time-series anomaly de-
tection benchmark, and the UCI energy dataset [11-14].

Table 1. Dataset overview

Dataset Domain Samples Features Labels
NASA MDP Software defects 7,797 38 Defect/No
PROMISE Software defects 10,500 45 Defect/No
NAB Sensor streams 58 Time-series Normal/Anomaly
UCI Energy Energy usage 19,735 28 Regression/Anomaly
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Table 1 summarizes the datasets employed in our experiments. The NASA MDP
and PROMISE datasets support software defect prediction tasks. The NAB benchmark
enables evaluation of time-series anomaly detection. The UCI Energy dataset provides
real-world energy consumption measurements. This selection ensures comprehensive val-
idation across both software quality assurance and energy analytics domains. The quality
evaluation process is also conceptually aligned with ISO/IEC 25010 software quality as-
sessment principles [15].

4.2. Baselines

We compare RF [16], SVM, CNN, LSTM Autoencoder [17], GRU detector, and
Bayesian CNN.

Table 2. Baseline configurations

Model Type Key Parameters Reference
Random Forest Classical 200 trees, max depth = 10 [16]
SVM (RBF) Classical C=1,0;7=0,1
CNN (baseline) Deep 3 conv layers, ReLU
LSTM Autoencoder Deep Hidden units = 128 [17]
GRU Detector Deep Hidden units = 128
Bayesian CNN Probabilistic MC-dropout, 20 samples

As listed in Table 2, the baseline models comprise classical machine learning algo-
rithms (Random Forest, SVM), deep learning architectures (CNN, LSTM, GRU), and a
probabilistic model (Bayesian CNN). This diverse selection provides a robust basis for
evaluating the proposed framework.

4.3. Metrics
We report the following classification metrics and calibration/robustness indicators:
1) Precision & Recall:
P = L, R = L’ (11)
TP+FP TP+FN

where P denotes Precision; R denotes Recall; TP represents the number of true positives;
FP denotes false positives; FN represents false negatives;
2) Fi-score:
2PR
= PiR’ (12)
where F; denotes the harmonic mean of Precision and Recall; P represents Precision; and
R represents Recall.

1

4.4. Workflow

The overall experimental workflow is shown in Fig. 2.
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Data Collection
(UCI, NAB, NASA; PROMISE)

!

Preprocessing & Domain Adaptation
(Scaling, Alignment, Feature Extraction)

!

Model Training
(Baselines + Proposed Framework)

|

Quality Assurance Evaluation
(Robustness, Calibration, Explainability)

}

Results & Analysis
(Accuracy, Reliability, Interpretability)

|

[ Quality-Assured IEMS Operation ]

Figure 2. The experimental workflow

As shown in Fig. 2, the experimental workflow proceeds sequentially through da-
taset selection, preprocessing, model training, quality assurance evaluation, and compar-
ative analysis of results.

5. Results and Discussion

As shown further, we report results across three task categories: defect prediction
(NASA MDP & PROMISE), anomaly detection (NAB), and calibration assessment (UCI
Energy).

5.1. Classification Performance (NASA MDP & PROMISE)

Table 3 presents accuracy, F1, and AUC. The proposed method yields absolute F
gains of 5-10 points over baselines.

Table 3. Classification performance on NASA MDP & PROMISE

Model Accuracy (%) Fi-score AUC
Random Forest 82,4 0,78 0,85
SVM (RBF) 80,1 0,74 0,82
CNN (baseline) 84,3 0,79 0,86
Proposed Method 89,7 0,84 0,91

Table 3 shows that the proposed method achieves the highest accuracy, Fi-score,
and AUC among all baselines. In particular, it improves F1 by 5-10 percentage points
over Random Forest and CNN, confirming the benefits of cross-domain adaptation for
defect prediction.
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As visualized in Figure 3, the proposed method consistently surpasses baseline clas-
sifiers across NASA MDP and PROMISE datasets. The improvements in both F; and
AUC validate the robustness of cross-domain adaptation.

Classification Performance on NASA MDP & PROMISE Datasets

Bl Accuracy (%)
mm AUC
80
E - I I I
[=]
L&)
w =
0
LogReg RF SVM CNN Proposed

Figure 3. Classification performance (NASA MDP & PROMISE)

As visualized in Fig. 3, the proposed method consistently surpasses all baseline
classifiers across the NASA MDP and PROMISE datasets. The improvements in both
and AUC validate the robustness of the cross-domain adaptation approach.

5.2. Anomaly Detection (NAB)

Table 4 compares precision/recall/F1. The proposed method achieves F1 = 0,78 (vs.
0,70 for GRU).

Table 4. Anomaly detection results on NAB

Model Precision Recall Fi-score
Isolation Forest 0,62 0,59 0,60
LSTM Autoencoder 0,70 0,65 0,67
GRU-based Detector 0,73 0,68 0,70
Proposed Method 0,81 0,75 0,78

As presented in Table 4, the proposed approach significantly outperforms conven-
tional methods in anomaly detection, reaching an F-score of 0,78. Compared to GRU-
based models (F1=0,70), our method improves anomaly detection by 11 % relative gain.
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Fig. 4 compares anomaly detection performance on NAB streams. The proposed
method demonstrates higher precision, recall, and Fi-score than Isolation Forest, LSTM
Autoencoder, and GRU-based detector, proving its robustness under domain drift.

Anomaly Detection Robustness on NAB Dataset

I NAB Score
mmm Robustness (%)

80

60

Score

L e

20

IF LSTM-AE DNN Proposed

Figure 4. Anomaly detection results (NAB)

5.3. Calibration and Reliability (UCI)

Table 5 reports calibration metrics (lower is better). The proposed method achieves
ECE = 0,032 and NLL = 0,18.

Table 5. Calibration metrics on UCI

Model ECE NLL
Random Forest 0,062 0,29
CNN (baseline) 0,055 0,25
Bayesian CNN 0,041 0,22

Proposed Method 0,032 0,18

Table 5 highlights the calibration performance. The proposed method achieves the
lowest Expected Calibration Error (ECE = 0,032) and Negative Log-Likelihood (NLL =
0,18), demonstrating superior reliability for practical deployment in intelligent energy
management systems.

Fig. 5 presents calibration results. The proposed method yields the lowest ECE and
NLL values, confirming that its probability estimates align closely with true event fre-
quencies, which is critical for trustworthy predictions in energy management.
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Calibration Metrics on UCI Datasets

= ECE (1)
0.14 B Brier Score (1) |

0.04

0.02

0.00

RF CNN Proposed

Figure 5. Calibration performance across models (UCI)

5.4. Discussion

The integration of cross-domain adaptation and trusted quality assurance yields
three key benefits.

1. Improved predictive accuracy — the method enhances defect prediction across
the NASA MDP and PROMISE datasets.

2. Enhanced robustness — performance on the NAB benchmark confirms stability
under domain drift.

3. Trustworthy predictions — calibration metrics demonstrate that the system pro-
duces reliable probability estimates, which is essential for safety-critical energy applica-
tions.

The proposed QA framework is also conceptually aligned with ISO/IEC 25010 soft-
ware quality evaluation principles [15].

Taken together, these results demonstrate that the proposed framework not only im-
proves predictive accuracy but also establishes a foundation for trustworthy quality as-
surance in real-world IEMS deployments. The proposed framework provides a founda-
tion for further research on self-evolving quality assurance methods for Al-driven intelli-
gent energy management software [18-20].

6. Conclusions

This study has proposed a unified framework for cross-domain adaptation and
trusted quality assurance (QA) in Intelligent Energy Management Software (IEMS). By
combining transfer learning, adversarial domain alignment, and federated aggregation
with QA mechanisms, namely calibration, robustness assessment, and explainability, the
framework addresses the dual challenges of cross-domain generalization and trustworthy
deployment.
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Experimental validation on the NASA MDP and PROMISE defect datasets, to-
gether with the NAB and UCI Energy benchmarks, confirmed the effectiveness of the
approach. The proposed method achieved an absolute F1-score improvement of 5—10 per-
centage points on defect prediction, an 8-point increase on NAB anomaly detection (from
0,70 to 0,78), and improved calibration with ECE = 0,032 and NLL = 0,18.

By coupling adaptation strategies with formal QA checks, the framework enhances
both predictive accuracy and reliability, providing a principled and practical solution for
the deployment of IEMS in real-world energy management scenarios.
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