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Abstract

This study introduces a dual-proxy framework for household-adaptive, non-invasive
shower detection using standard water-heater logs. The framework leverages proxy at
two complementary levels: a feature-level proxy (washing_seconds) that captures washing
duration, and a scheme-level proxy (proxy-driven training) that enables learning in periods
without direct shower labels. The proxy feature (washing_seconds) serves as an indirect
descriptor of washing behavior, enabling effective inference even under label scarcity.
We investigated three research questions: (RQ1) the effectiveness of proxy features in
improving shower detection, (RQ2) how proxy-driven evaluation identifies compact yet
reliable feature subsets, and (RQ3) the robustness of these subsets in long-term, real-world
scenarios. Experiments on two households showed that washing_seconds consistently
improved discrimination (raising summer PR-AUC, lowering non-summer false alarms),
and that compact subsets of only two or three features, anchored by the proxy feature,
achieved stable performance across households. The evaluation represents an illustrative
example based on two cooperating households, providing practical evidence of the frame-
work’s real-world applicability. Evaluation in real-world conditions confirmed robustness:
representative subsets maintained micro PR-AUC 0.724-0.728, micro F1 0.66-0.69 (macro
F1 0.55-0.58), and summer PR-AUC near 0.87, with generalization gaps within £+0.01 for
discrimination and small positive shifts for F1 (4+-0.02—+0.05). These results demonstrate
that proxy can function both as a feature and as a methodological principle, and that the
proposed framework is model-agnostic and transferable to other learning architectures. It
provides a foundation for adaptive, privacy-preserving smart home applications that can
scale to broader household and healthcare contexts.

Keywords: dual-proxy framework; shower detection; non-invasive sensing; household-
adaptive modeling; proxy feature; proxy-driven scheme; feature selection; Pareto analysis;
calibration; smart home

1. Introduction

Human-centered smart living environments increasingly rely on non-invasive sensing
to recognize daily activities [1-4]. Among these activities, shower detection represents
a critical but challenging case. It is relevant to hygiene monitoring, energy management,
and elderly care [5-7]. Accurate detection can inform personalized health support, optimize
hot-water energy usage, and prevent hygiene-related risks in vulnerable populations.
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However, existing methods often rely on multiple dedicated sensors, which increase
installation cost, hinder scalability, and raise privacy concerns [8,9]. Moreover, models
trained under controlled conditions may fail to generalize across households and seasons,
leading to unstable performance and high false alarm rates [10-12]. In this study, we
focus on typical domestic bathrooms equipped with both a bathtub and a hand shower—a
configuration common in Japan and also found elsewhere. Within this context, shower-
only use (washing without soaking) is distinguished from bathtub soaking and other
non-bathing stays.

In such daily bathing routines, we define the notion of washing time (W;), representing
the estimated duration of washing activities such as body or hair washing. This quantity
serves as a key proxy descriptor, indirectly capturing shower-related behaviors from
standard water-heater logs without additional sensors. It provides a practical basis for
scalable, privacy-preserving behavioral recognition.

A central difficulty is the scarcity of reliable shower labels. While bathtub usage
or non-bathing stays can be inferred more directly from temperature and flow signals,
showering events are difficult to annotate consistently, especially in long-term, in-the-wild
deployments. This motivates the use of proxy information: features or schemes that indi-
rectly capture the target behavior. We argue that proxy can function at two complementary
levels. At the feature level, we define washing_seconds, which approximates washing dura-
tion by subtracting tub immersion time from the total stay. At the scheme level, we design
a proxy-driven training strategy, in which models are trained in periods lacking direct
shower labels (e.g., winter) and rely on proxy-derived signals to support learning under
unlabeled conditions rather than human supervision.

We propose a dual-proxy framework: proxy features guide the model, while a proxy-
driven scheme enables learning without direct shower labels. This dual perspective
extends the role of proxy beyond variable design, positioning it as a methodological
principle for robust behavioral sensing under label scarcity.

Building on this framework, we investigate three research questions:

RQ1. How effective is the proxy feature washing_seconds in improving shower detec-
tion?

RQ2. How can a proxy-driven scheme, without direct shower labels, identify compact
and reliable feature subsets?

RQ3. How robustly do proxy features and proxy-driven schemes generalize across house-
holds and seasons in shower detection?

By addressing these questions, this study contributes both methodological and practi-
cal insights. Methodologically, it demonstrates that proxy can function at both the feature
and scheme levels, forming a dual-proxy framework for activity recognition under label-
scarce or unlabeled conditions. Practically, it shows that household-adaptive models
can maintain reliable performance with only two to three features, supporting scalable,
cost-efficient, and privacy-preserving smart home deployment.

2. Related Work

Research on shower detection spans diverse sensing modalities. Dedicated devices
(e.g., Aguardio) rely on vibration, acoustic, temperature, and humidity sensors [13], while
smart metering [14], acoustic classifiers [15], wearables [16], and environmental signals such
as indoor CO; [17] have also been explored. Additional approaches include motion and
water-level sensors for tub monitoring [18,19]. These studies demonstrate feasibility but
raise concerns of cost, scalability, and privacy due to the need for new or wearable sensors.

A second line of work exploits existing infrastructure. HydroSense showed that
single-point pressure sensing can disaggregate household water events [20], and plumbing
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vibrations have also been leveraged [21]. More recently, acoustic [15], vision [17], Wi-Fi
CSI [22], and smart water metering [23] have been applied for unobtrusive monitoring.
These studies highlight the promise of infrastructure-mediated sensing, but distinguishing
showers from baths remains difficult.

Beyond individual appliances, prior work in household behavior recognition and
human activity recognition (HAR) has emphasized the long-term reliability of multi-
sensor and context-aware systems. For instance, Hiremath and Pl6tz highlighted that
the lifespan of smart-home HAR models often degrades over time due to user and en-
vironmental variability [24]. Such systems frequently rely on sensor fusion or trans-
fer learning to restore performance, but these solutions require additional instrumen-
tation and retraining, limiting scalability and privacy in ordinary households. Our study
instead focuses on infrastructure-native modeling—recognizing bathing behaviors di-
rectly from existing heater logs—bridging infrastructure-mediated sensing with general
activity-recognition approaches.

Related perspectives arise from non-intrusive load monitoring (NILM), where en-
ergy disaggregation is used to infer activities. Reviews discuss the challenges of
trustworthy NILM pipelines [25,26] and applications in energy accountability and
sustainability [27]. Such work underscores both the potential and limitations of
infrastructure-based recognition.

Proxy or surrogate features provide a complementary strategy when direct labels are
scarce. Athey et al. [28] and Tripuraneni et al. [29] formalized surrogate metrics, while
Pinnow et al. [30] reviewed validation across domains. Beyond conventional machine
learning, proxy- or surrogate-based optimization has also been explored in privacy-sensitive
and label-scarce domains such as healthcare, where blockchain-enabled frameworks and
the Mother Optimization Algorithm (MOA) demonstrate that surrogate indicators can
enhance decision reliability under limited data [31-33].

Multi-objective feature selection has been widely studied to balance accuracy, stability,
and interpretability [34,35]. Representative approaches include interactive evolutionary
methods [36], Pareto-based algorithms [37], and joint optimization [38]. Other works
explored sparsity constraints [39], metaheuristics [40], and systematic reviews [41-43].
These methods provide the methodological basis for our multi-criteria evaluation of proxy-
driven subsets.

Finally, robustness and calibration are critical for deployment. Dawadi et al. [44] and
Hiremath et al. [24] emphasized longitudinal validation, while surveys have documented
calibration metrics and strategies [45,46]. Guo et al. [47] further showed that modern net-
works are often miscalibrated. These findings motivate our focus on calibration robustness
when evaluating dual-proxy subsets.

Collectively, prior research highlights that proxy and surrogate mechanisms support
learning under data and privacy constraints, motivating the present dual-proxy framework
that unifies feature-level and scheme-level proxies for robust behavioral sensing.

In summary, prior research has demonstrated the promise of sensor-based approaches,
infrastructure-mediated sensing, NILM disaggregation, proxy features, multi-objective
feature selection, and long-term validation. Yet few studies have integrated proxy features
and proxy-driven schemes into a unified framework while explicitly validating robustness
under real-world conditions. Our work addresses this gap by evaluating a dual-proxy
framework that combines feature-level proxies, scheme-level subset selection, and long-
term robustness in household deployments.
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3. Problem Definition and Challenges
3.1. Problem Formulation
We consider household bathrooms equipped with both a bathtub and a hand shower,
a configuration common in Japan and also found elsewhere. Within this context, resi-
dents alternate between bathtub soaking and shower-only washing, and we aim to clas-
sify each bathroom stay according to these behaviors. This problem setting represents
a typical but constrained domestic configuration (two cooperating households in our
dataset), providing a basis for examining generalizable modeling strategies rather than
population-level statistics.

We formulate the task of showering estimation as a supervised classification problem
based on standard water-heater logs. Each bathroom stay i is categorized into one of
three mutually exclusive classes: tub bathing (C;), showering without tub immersion
(Cy), and non-bathing stays such as cleaning or laundry (Csz). While tub bathing (C;) can
be directly detected by water-level sensors, the central difficulty lies in distinguishing
showering (Cy) from non-bathing (C3), since both involve bathroom occupancy without

tub immersion. The relationship among these classes is illustrated in Figure 1.
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Figure 1. Class definition in the showering estimation problem.

To capture the behavioral distinction, we introduce the notion of washing time, denoted
as W;. Intuitively, this quantity represents the duration of washing activities such as body
or hair washing, which are typical in bathing behaviors (Cy, C;) but largely absent in
non-bathing stays (Cz). If a bathroom stay included both showering and tub immersion,
it was categorized as C; (tub bathing), because soaking dominates in energy and water
use. Thus, “shower-only” strictly refers to washing without tub immersion. In practice,
W; is not directly measured but rather approximated from available water-heater logs
(implemented as the feature washing_seconds), serving as a proxy descriptor of washing

duration. While other aggregate features such as water_hour or gas_hour are computed
at the household level and may include concurrent non-bathroom usage (e.g., kitchen or
laundry), the proxy W; is grounded in bathroom stay segmentation and tub immersion
information, making it less sensitive to such confounding activities. This proxy-based
definition is essential because direct annotation of showering events is rarely scalable; it
allows the model to leverage measurable quantities derived from standard heater logs
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without relying on manual labeling. The detailed formulation and general properties of W;
are described later in Section 4.1.

3.2. Challenges and Research Questions

Despite the apparent simplicity of the problem formulation, several challenges hinder
reliable shower detection:

e  Shower vs. non-bathing ambiguity. Both showering (C;) and non-bathing stays
(C3) involve bathroom occupancy without tub immersion. Their water-heater usage
patterns can overlap, making them difficult to separate using generic presence or
flow signals.

*  Household dependency. Bathing frequency, duration, and preferred times of day
vary widely between households. Models trained globally may fail to generalize,
highlighting the need for household-adaptive approaches.

*  Sensor and privacy constraints. Many prior works rely on additional sensors (e.g.,
acoustic, motion, environmental). Such solutions increase cost, hinder scalability,
and raise privacy concerns. A practical method must exploit signals already available
in standard infrastructure.

*  Seasonal variation and label scarcity. Showering prevalence is highest in summer
and lowest in winter, while tub bathing shows the opposite trend. Moreover, direct
shower labels are often scarce or unavailable, making it difficult to train models in
some periods. Robust methods must therefore balance detection quality during high-
prevalence seasons, suppress nuisance alarms in low-prevalence seasons, and remain
effective even when direct labels are missing.

These challenges are further compounded by well-documented issues in model eval-
uation under class imbalance, particularly when the imbalance varies across time [48].
Recent work has also highlighted the pitfalls of large-scale imbalanced scenarios, where
traditional accuracy metrics become misleading [49]. Alternative evaluation tools such as
the MCC-F1 curve have been proposed to better represent classifier performance under
skewed distributions [50].

To address these challenges, we propose a dual-proxy framework, leveraging proxy
features and a proxy-driven scheme. This design targets scalable and privacy-preserving
household adaptation without relying on manual labeling. The study is structured around
the following research questions:

RQ1. How effective is the proxy feature washing_seconds in improving shower detec-
tion?

RQ2. How can a proxy-driven scheme, without direct shower labels, identify compact
and reliable feature subsets?

RQ3. How robustly do proxy features and proxy-driven schemes generalize across house-
holds and seasons in shower detection?

4. Proposed Method

This section presents a dual-proxy framework for shower detection that builds on
standard water-heater logs without requiring additional sensors. The framework consists
of two complementary components: (Al) a proxy feature that captures washing-related
activities, and (A2) a proxy-driven scheme that enables learning despite label scarcity and
household-specific variation. These components are formulated in a way that is broadly
applicable to residential monitoring contexts.
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4.1. (A1) Proxy Feature: Washing Time

A bathroom stay can be represented by two basic quantities: the total stay duration A;
and the cumulative tub immersion time B; ;. We define the washing time feature W; as

W, = A — ZBI-J.
]

This quantity approximates the duration of washing activities such as body washing
and hair washing. It is expected to be large for both tub bathing and showering, while
remaining small for non-bathing stays.

Washing time is attractive as a proxy feature for two reasons. First, its distribution
is similar between tub bathing and showering, making it effective for separating bathing-
related from non-bathing behaviors. Second, it exhibits relatively small seasonal variation,
which supports its robustness for long-term monitoring. Importantly, W; can be derived
directly from standard water-heater logs without additional sensors, making it cost-effective
and privacy-preserving.

4.2. (A2) Proxy-Driven Scheme: Household-Adaptive Classification

While W; serves as a proxy feature, household-specific variation and the scarcity of
direct shower labels pose additional challenges. To address this, we adopt a proxy-driven
scheme that combines household-level adaptation with learning from proxy signals without
relying on manual C, labels. This design enables training even when explicit shower labels
are unavailable, supporting scalable deployment across large numbers of households where
manual annotation would be impractical.

Each household is modeled independently to avoid bias that may arise from pooling
heterogeneous users. Formally, given a set of features x; for stay i and the corresponding
class label y; € {Cy,Cy, C3}, the goal is to learn a classifier fj, : x; — y; for each household h.

The labeling procedure is as follows:

*  Tub bathing (C;) and non-bathing (C3) can be determined directly from sensor data
(tub usage vs. no usage).

*  Showering (C;) cannot be inferred from sensors and was manually annotated by
participants. However, C; labels were not used for training. Models were trained only
on C; and C3, while proxy features such as washing_seconds indirectly separate C;
from Cz during evaluation.

Thus, only C; and C3 supervise training, while C; is inferred indirectly via proxy-
driven learning. By relying on proxy-derived cues rather than manual C, labels, the
framework enables label-free training that remains feasible for long-term, real-world sens-
ing. Because the framework relies only on generic heater-log variables such as temperature,
flow, and stay duration, it is compatible with diverse household water-heater models and
plumbing architectures without requiring device-specific adjustments. This design enables
models to be trained even in periods with sparse or absent shower labels (e.g., winter) and
applied robustly across seasons.

The framework is model-agnostic: what matters is the household-level adaptation
and the reliance on proxy-driven principles to capture washing activities without invasive
sensing. Although LightGBM was used in this study for its interpretability, the proposed
proxy-driven design is conceptually transferable to other classifiers such as SVMs or shallow
neural networks, underscoring its model-agnostic nature. As illustrated in Figure 2, the
proxy-driven design leverages tub vs. non-tub distinctions and proxy features to resolve
the ambiguity of shower detection.
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Figure 2. Proxy-driven scheme. During training (left), only C; (tub bathing) and C3 (non-bathing)
are used, while C, (shower) labels are excluded. During inference (right), proxy features such as
washing_seconds separate C; from Cs.

5. Experimental Setup

This section details the dataset, data partitioning, implementation, and evaluation
protocol used to assess the proposed method. All design choices were made to ensure strict
reproducibility and to prevent information leakage.

5.1. Dataset

We conducted our study using year-long water-heater logs collected from two cooper-
ating households, denoted Household 1 and Household 2. Each household contributed
twelve consecutive months of data, spanning from May to the following April (House-
hold 1: May 2023-April 2024, Household 2: May 2024—-April 2025), providing a one-year
basis for long-term evaluation of seasonal and household variability. The data were ob-
tained from standard residential water heaters equipped with built-in temperature and
flow sensors. Each household produced several hundred bathroom stays per year, covering
diverse routines and seasonal bathing behaviors. Research participation was voluntary,
and both households provided explicit consent for the use of their logs in this study. The
data were collected under a corporate-academic research agreement; therefore, the raw
logs are not publicly distributable, although all feature definitions and analysis procedures
are fully disclosed to ensure reproducibility. As the data were collected from consenting
collaborators rather than the general public, no additional ethical review was required.

Each bathroom stay was identified and labeled through a semi-automatic procedure.
Entry and exit times were detected using a human-presence sensor embedded in the wall-
mounted water-heater controller inside the bathroom, a configuration common in Japan but
not universal elsewhere. This controller records motion-based occupancy signals together
with temperature and flow data, enabling precise stay segmentation. Tub bathing (C1) was
automatically detected from water-level readings, while showering without tub immersion
(C2) was manually annotated through participant review to establish ground-truth labels
for evaluation, and all remaining non-bathing stays (C3) were determined by exclusion.

Table 1 summarizes the features extracted from the raw logs. All features were derived
directly from existing heater sensors without additional instrumentation.
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Table 1. Extracted features from water-heater logs.

Feature Abbr. Definition
washing_seconds WSec APprox1me.1te dura.tlon.of washing activities, computed as stay duration
minus tub immersion time.
water_hour WH Quantity of hot-water usage during the stay, aggregated at 1-h granularity.
gas_hour GH i?;antlty of gas consumption during the stay, aggregated at 1-h granular-
. . Maximum instantaneous rise in bathroom room temperature observed
max_temp_diff TmaxDiff . .
during the stay (1-h granularity).
in_out_temp_diff Tin-Tout Change in bathroom room temperature between the beginning and end

time_max_min_temp_diff

since

of the stay (exit minus entry).

Forward-direction room-temperature rise during the stay, computed as
max, >t {T(t2) = T(t1)}-

Numeric encoding of the stay start time (converted from wall-clock times-
tamp).

Tmax-Tmin

Note that water_hour and gas_hour are computed at the household level and may
include concurrent non-bathroom activities such as kitchen or laundry usage during the
stay window. This overlap reflects realistic household operation and increases the difficulty
of distinguishing showering events from other hot-water use. The bathroom-specific proxy
feature washing_seconds, derived from stay segmentation and tub immersion information,
is therefore less affected by such confounds and serves as a more reliable indicator of
washing behavior. These characteristics motivate the use of proxy-anchored, household-
adaptive feature selection to achieve stable detection despite overlapping signals. Across
the two households, the dataset serves as a representative yet privacy-conscious testbed
for household-adaptive modeling, providing sufficient variability to examine seasonal and
behavioral differences while respecting the confidentiality of industrial data. As this dataset
involves only two cooperating households, the findings should be regarded as illustrative
rather than statistically generalizable.

5.2. Data Partitioning
For each household, the dataset was divided into three disjoint subsets:

*  Winter (training). Three consecutive winter months (November—January) were re-
served exclusively for model training and hyperparameter selection. As illustrated in
Figure 2, winter stays contain tub bathing (C;) and non-bathing (C3) events that can be
directly distinguished by the sensor. Showering (C;), which is hard to separate in other
seasons, does not occur in winter and therefore does not contaminate the training set.
This allowed us to train a proxy-driven model without relying on C, labels. For each
household, this training subset covers about three months of data (approximately two
to three hundred stays), yielding six months in total across both households.

¢  Development (Dev). The remaining spring-autumn data were split month-wise into
two halves, with even-indexed samples assigned to Dev. This set was used to analyze
feature utility (RQ1) and feature-set preference (RQ2). It spans roughly eight to nine
months per household, ensuring that seasonal variations and routine differences were
represented in feature evaluation.

e  Evaluation (Eval). Odd-indexed samples from the same spring—autumn months were
assigned to Eval, which was strictly held out until final assessment (RQ3). This held-
out set provides an independent basis for cross-season and cross-household validation,
confirming the robustness of proxy-driven learning.

All partitions were created independently for each household to prevent data leakage
and to reflect the privacy and contractual constraints described in Section 5.1. This protocol
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ensured that no information from Dev or Eval leaked into training, while exploiting the
unique label availability in winter to realize the proxy scheme.

5.3. Implementation Details

We employed LightGBM as the classifier. All preprocessing steps (imputation, scaling,
encoding) were omitted except for converting timestamps into numeric values. Hyper-
parameter selection was conducted exclusively on winter data. This choice reflects the
proxy scheme (Figure 2): winter stays contain only tub bathing (C;) and non-bathing
(G3), so models can be trained without ambiguity from showering (C;). Freezing the re-
sulting models and applying them directly to Dev and Eval sets ensured that evaluation
reflects true generalization to seasons where C, occurs. No probability calibration was
performed, as our primary aim was to test whether raw LightGBM scores—without post
hoc tuning—can separate showering from non-bathing. A fixed threshold of 0.5 was ap-
plied for generating binary predictions when required (e.g., F1, false-positive counts). Each
household was modeled independently rather than pooling across households, to account
for household-specific usage patterns and to test adaptability at the household level.

5.4. Evaluation Metrics
Performance was assessed using both threshold-free and threshold-dependent metrics:

*  Primary metrics. Summer PR-AUC quantified shower detection quality during peak
prevalence. Non-summer false-positive rate (FPR) captured nuisance levels when
showering was rare.

*  Auxiliary metrics. Daily false alarms, macro-averaged PR-AUC and F1, worst-month
F1, and calibration measures (Brier score, expected calibration error, ECE).

Metrics were aggregated using both micro- and macro-averaging. To summarize re-
sults across households, we report both household-specific values and pooled distributions.
Effect sizes were defined as paired differences between models with and without the proxy
feature. Uncertainty was represented by empirical distributions (median and interquartile
range), rather than formal bootstrap resampling or meta-analysis.

6. Results for RQ1: Proxy Feature Utility
6.1. Setup for RQ1

To isolate the contribution of feature-level proxies, we evaluated washing_seconds,
a duration feature derived from water-heater logs. Two conditions were compared:

e Base: Any subset of six candidate features excluding washing_seconds.
*  +Proxy: The same subset with washing_seconds added.

Evaluation was conducted under a seasonal split, with July-September considered as
summer and the remaining months as non-summer. The primary metrics were

¢ Summer: APR-AUC = PR-AUC(+Proxy) — PR-AUC(Base), capturing improvements
in detection quality when shower prevalence is high.

*  Non-summer: AFPR = FPR(+Proxy) — FPR(Base), capturing changes in false alarms
when shower prevalence is low.

Supplementary metrics included the minimum monthly F1, the standard deviation of
monthly F1, and false alarms per day. Two households were analyzed individually and in a
pooled (POOL) setting. For each metric, 95% bootstrap confidence intervals were computed
across monthly samples to quantify the stability of observed differences.
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6.2. Analysis for RQ1

Figure 3 shows the joint distribution of APR-AUC (summer) and AFPR (non-summer)
for all feature sets. Most points lie in the favorable upper-left quadrant (APR-AUC > 0,
AFPR < 0), indicating a consistent benefit of adding the proxy feature.
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Figure 3. Scatter plot of APR-AUC (summer) vs. AFPR (non-summer) for each household.

Household 1 exhibited moderate gains (median APR-AUC = +0.14 [95% CI: 4+-0.11,
+0.16], AFPR = —0.04 [95% CI: —0.06, —0.03]), whereas Household 2 showed larger but
more variable improvements (median APR-AUC = +0.25 [95% CI: 4+-0.23, 4-0.28], AFPR
= —0.29 [95% CI: —0.32, —0.26]). The pooled analysis confirmed robust gains (median
APR-AUC = +0.20 [95% CI: +0.18, +-0.21], AFPR = —0.17 [95% CIL: —0.20, —0.14]). All
confidence intervals excluded zero, confirming that the proxy-induced improvements were
statistically significant and consistent across seasons and households.

Violin plots further illustrate these tendencies:

*  Summer: APR-AUC distributions were shifted upward (Figure 4a).

*  Non-summer: AFPR distributions were shifted below zero (Figure 4b). Daily false
alarms (FA/day) also tended to decrease, although a few feature sets showed slight
increases (Figure 4c).

Overall, the scatter highlights that proxy gains were consistent across households,
while the pooled analysis revealed stronger stability than household-specific results.

6.3. Discussion for RQ1

The proxy feature washing_seconds enhanced model performance in two comple-
mentary ways: it improved discrimination during high-prevalence summer periods and
suppressed false alarms in non-summer months. These results demonstrate that a simple
proxy feature, derived without new sensors, can resolve the ambiguity between showering
and non-bathing stays.

Nevertheless, residual variation across households and feature sets indicates that
proxy features alone are insufficient. This motivates the design of a proxy-driven scheme
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that adapts to household-specific conditions and leverages compact feature subsets (RQ2).
In other words, RQ1 validates the utility of proxy features at the feature level, providing the
foundation for scheme-level proxy design addressed in the next section.

Implication for RQ1: Feature-level proxy design, exemplified by washing_seconds,
provides a simple yet powerful way to enhance discrimination without requiring new sen-
sors. The quantitative analysis with 95% confidence intervals confirms that the proxy effect
is statistically reliable across seasons and households, supporting its use as a dependable
foundation for household-adaptive proxy schemes (RQ2).
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Figure 4. Violin plots of performance changes by adding Proxy. (a) Summer APR-AUC for
each household and pooled data. (b) Non-summer AFPR for each household and pooled data.
(c) Supplementary non-summer AFA /day for pooled data.

7. Results for RQ2: Proxy-Driven Feature Set Selection
7.1. Setup for RQ2

RQ2 examines how a proxy-driven scheme can guide the selection of compact yet
effective feature sets under multiple criteria. We enumerated all 27 — 1 = 127 non-empty
subsets from seven candidate features, one of which was washing_seconds, and evaluated
them on the Dev portion of each month (spring-autumn) using winter-trained models. All
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subsets were exhaustively evaluated without applying heuristic selection methods such as

mutual information, recursive feature elimination, or LASSO regression. Compactness was

defined strictly by the number of features used as a tie-breaker in the lexicographic ranking.
The ranking used a prioritized scheme (lexicographic key) defined as

1.  Summer PR-AUC (higher is better),
2. Non-summer FPR (lower is better),
3. Number of features (fewer is better; tie-breaker).

Minimum monthly F1 and the standard deviation of monthly F1 were reported as
auxiliary stability descriptors, but were not used as ranking keys.

In parallel, Pareto-front analysis was applied to highlight trade-offs between non-
summer FPR (x-axis, lower is better) and summer PR-AUC (y-axis, higher is better).

7.2. Analysis for RQ?2

The rank-stability analysis summarized in Table 2 focuses on the top-3 feature sets for
each household and the pooled data under the prioritized ranking scheme.

Household 1. The best set, washing_seconds+water_hour+in_out_temp_diff,
achieved PR-AUC 0.819 with FPR 0.061. Comparable 3—4 feature sets showed similar trade-
offs, while a low-FPR option (since+water_hour+time_max_min_temp_diff) reduced FPR
to 0.037 at the cost of PR-AUC (0.782).

Household 2. The top 2-feature set, washing_seconds+max_temp_diff, reached PR-
AUC 0.857 with FPR 0.116. Gas-related sets offered a different trade-off, lowering FPR to
about 0.094 while reducing PR-AUC to around 0.844.

Pooled (POOL). The best 3-feature set, washing_seconds+water_hour+in_out_temp_
diff, achieved PR-AUC 0.802 and FPR 0.065. A gas-heavy set shifted the balance to PR-
AUC 0.755 and FPR 0.052, indicating that proxy-driven subsets maintained stable trade-offs
between precision and false alarms across households.

Table 2. Top-3 ranked feature sets per evaluation target (abbreviations: see Table 1).

Evaluation Target Rank Feature Set (Abbr.) Summer PR-AUC Non-Summer FPR
Household 1 1 WSec + WH + Tin—Tout 0.819 0.061

2 WSec + WH + Tin-Tout + Tmax-Tmin 0.811 0.061

3 WSec + WH 0.811 0.061
Household 2 1 WSec + TmaxDiff 0.857 0.116

2 WSec + TmaxDiff + Tin-Tout 0.850 0.116

3 WSec + TmaxDiff + Tmax-Tmin 0.850 0.116
POOL (Eval) 1 WSec + WH + Tin-Tout 0.802 0.065

2 WSec + WH + Tin—Tout + Tmax-Tmin 0.795 0.065

3 WSec + WH 0.794 0.070

Pareto fronts (Figure 5a—c) make these trade-offs explicit: compact 2-3 feature sets
cluster in the favorable high-PR-AUC region, while gas-related sets shift toward lower FPR
but with a measurable loss in PR-AUC.

7.3. Discussion for RQ2
Several principles emerge from these results:

¢  Proxy as anchor: Feature sets containing washing_seconds consistently ranked high-
est, underscoring the role of proxy features in guiding selection.

¢ Compact yet effective: Two to three feature sets achieved strong performance, sug-
gesting a practical balance between accuracy and simplicity.
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*  Consistency through proxy-driven learning: While household-specific rankings var-
ied, pooled results emphasized stable subsets, showing that proxy-driven evaluation
can reveal generalizable configurations across households.

¢ Lexico vs. Pareto: Lexicographic ranking emphasized stability, whereas Pareto fronts
highlighted explicit trade-offs.

These findings align with recent studies framing feature selection as a multi-objective
optimization task [51-53]. The proxy-driven scheme demonstrates that compact, proxy-
anchored subsets can be systematically identified even under label scarcity. Overall, proxy-
guided evaluation maintained stable trade-offs across households and criteria, demonstrat-
ing reliable subset identification without heuristic bias. This sets the stage for RQ3, which
evaluates their robustness in independent households and seasons.

Implication for RQ2: Proxy-driven selection highlights that compact, proxy-anchored
subsets (2-3 features) can achieve both accuracy and stability. This systematic identification
of generalizable sets paves the way for evaluating their robustness under real-world

conditions (RQ3).
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Figure 5. Pareto fronts of feature subset selection. Each point represents a candidate subset, with the
axes denoting summer PR-AUC and non-summer FPR. Red points indicate front subsets, while blue
points denote the others. (a) Household 1. (b) Household 2. (c) Pooled data (POOL).
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8. Results for RQ3: Robustness of Proxy-Driven Subsets
8.1. Setup for RQ3

RQ3 evaluates the robustness of feature sets selected under proxy-driven conditions
(RQ2) when deployed in real-world, long-term evaluation scenarios. This section provides
an illustrative evaluation based on two cooperating households, serving as an example
of real-world deployment rather than a population-level analysis. Representative subsets
identified by lexicographic ranking and Pareto fronts were trained on winter data and
applied to Eval portions (spring—autumn, within-month even-odd split). The Eval period
covered nearly one year of seasonal data, enabling assessment of long-term robustness
under natural environmental and behavioral variation. Metrics included

e Overall performance: micro/macro F1, micro PR-AUC,

. Stability: minimum monthly F1, monthly F1 standard deviation,

*  Calibration: Brier score, Expected Calibration Error (ECE),

e KPI: summer PR-AUC, non-summer FPR, Recall@Prec > 0.8, Prec@Rec > 0.8, FA/day,
*  Generalization gap: Dev—Eval differences for the above.

8.2. Analysis for RQ3

Compact proxy-anchored subsets maintained strong performance on Eval. As shown
in Figure 6, micro PR-AUC reached 0.724-0.728 (95% CI covering 0.60-0.88) for the compact
sets, while the gas-including set lagged at 0.668 (CI 0.48-0.84). Macro F1 was around
0.55-0.57 across subsets (Figure 7).

Overall, compact subsets maintained stable performance across seasonal and house-
hold variations. Generalization gaps were small: micro PR-AUC differences were within
£0.01, and macro F1 increased slightly (+0.02-+0.03). Calibration metrics (Brier, ECE)
were preserved or improved (Figure 8). These consistent trends indicate that proxy-driven
subsets were resilient to minor sensor noise and household-specific differences, sustaining
comparable accuracy across diverse operating conditions.

Summer PR curves confirmed that compact subsets sustained PR-AUC around 0.87,
while the gas-including set fell to 0.81 (Figure 9). KPI trade-offs (Figure 10) further showed
that compact subsets achieved higher summer PR-AUC (0.865-0.870) with modest non-
summer FPR (0.082-0.086), suppressing daily false alarms to 0.23. The gas-including set
minimized FPR (0.054) and FA/day (0.15), but at the cost of lower summer PR-AUC (0.806).

1.0 A

o o
[e)] o]
1 1

micro PR-AUC (Eval)
©
D

A\ W GH)

Figure 6. Micro PR-AUC on Eval data for representative feature sets (abbreviations: see Table 1).
Error bars indicate 95% confidence intervals aggregated by monthly bootstrap.



Electronics 2025, 14, 4336 15 of 21

1.0
[ macro F1

0.8 I micro F1
< 0.6
>
w
T 0.4 1

0.2 1

0.0 -

.~ 10 - 0 G\'\\
weee ¥ 5 T et A !
weee 4 TV
wsee

Figure 7. Macro and micro F1 on Eval data for representative feature sets (abbreviations: see Table 1).

Amicro PR-AUC]| ©© )
Amacro F1 @ o
—ABrier A @e @ All (w/GH)
':_,*': © WSec + WH
2 @ WSec + WH + ATin-Tout
—-AECE{ @ @@ o) @ WSec + WH + ATin-Tout + ATmax-Tmin
—AF1 SD oc@e
AF1 min - o (¢}

0.00 0.05 0.10 0.15 0.20 0.25 0.30
Dev - Eval delta (positive improves)

Figure 8. Generalization gap (Dev — Eval) across multiple metrics (abbreviations: see Table 1).
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Figure 10. KPI scatter plot (Eval) (abbreviations: see Table 1). X-axis: non-summer FPR (lower is
better). Y-axis: summer PR-AUC (higher is better). Point size: FA /day (smaller is better).

8.3. Discussion for RQ3

* Robustness. Proxy-driven subsets retained strong performance on Eval: micro PR-
AUC stayed at 0.724-0.728 with minimal generalization gaps (£0.01), and macro F1
increased slightly (40.02—+0.03). Calibration metrics were preserved or improved,
underscoring reliability beyond raw accuracy.

*  Seasonal resilience. Summer PR-AUC remained high (0.865-0.870) for compact
subsets, while non-summer FPR was consistently moderate (0.082-0.086). The gas-
including set reduced FPR further (0.054) but compromised summer PR-AUC (0.806).

*  Operational implications. Compact subsets balanced detection and nuisance, sup-
pressing daily false alarms to about 0.23 without sacrificing summer detection quality.
In contrast, gas-heavy sets minimized false alarms (0.15/day) but traded off discrimi-
nation in peak seasons.

These findings highlight that compact proxy-driven subsets are not only accurate
but also stable and well-calibrated, indicating their robustness for long-term household
deployment. As each household was modeled independently, the present evaluation re-
flects within-household generalization across seasons rather than cross-household transfer.
Nevertheless, the consistent performance trends observed across the two year-long datasets
suggest potential applicability to new households, supporting future extension toward
scalable deployment without retraining. While accuracy is often emphasized in model
selection, large-scale studies show that calibration is equally critical [54]. Surveys further
identify calibration as a key open challenge [46,55], and evidence from medical imaging
demonstrates that calibration directly affects trustworthiness in practice [56]. In our dataset,
shower-only events were more frequent during summer months, while bathtub soaking
was relatively common in winter. This seasonal variation reflects users’ comfort preferences
and ambient temperature. The observed patterns are dataset-specific and intended to
exemplify model behavior within the studied households.

Implication for RQ3: Proxy-driven subsets effective under controlled settings re-
mained robust in real-world evaluation, showing that the dual-proxy framework scales to
household deployment with both accuracy and trustworthiness.

9. Discussion

This study demonstrated that proxy can operate at two complementary levels: as a
feature (washing_seconds) and as a scheme (proxy-driven training under label scarcity).
RQ1 confirmed the effectiveness of feature-level proxy, RQ2 showed that scheme-level
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proxy systematically identifies compact subsets, and RQ3 established that such subsets
remain robust in real-world evaluation. Together, these findings validate the proposed
dual-proxy framework for household-adaptive shower detection. Although LightGBM
was adopted in this study, the dual-proxy concept itself is model-agnostic and can be
transferred to other machine-learning architectures that operate under label-scarce or
unlabeled conditions.

9.1. Integration of RQ Findings

*  ROQI1 (feature-level proxy): washing_seconds consistently improved discrimination,
raising summer PR-AUC by about +0.23 (pooled median) and reducing non-summer
FPR by —0.12. These gains held across both households.

*  RQ2 (scheme-level proxy): Proxy-driven evaluation identified compact 2-3 feature
sets anchored by washing_seconds, often combined with water_hour or in_out_temp_
diff. Such sets achieved PR-AUC ~ 0.81 with FPR ~ 0.06, while gas-related sets
traded higher FPR control (down to 0.05) for lower PR-AUC (= 0.75). Pooled analysis
emphasized convergence toward generalizable sets.

*  RQ3 (dual-proxy robustness): Subsets selected in Dev retained performance in Eval:
micro PR-AUC remained 0.724-0.728 with generalization gaps within +0.01, summer
PR-AUC stayed near 0.87, and non-summer FPR was 0.082-0.086. Calibration was
stable or improved, and daily false alarms were suppressed to about 0.23.

9.2. Cross-Cutting Themes
Three themes emerge across RQs:

*  Proxy as unifying principle: Proxy features and proxy-driven schemes jointly address
ambiguity, label scarcity, and household variability.

e Compactness and generalizability: Compact 2-3 feature subsets balanced accuracy
and robustness, reducing overfitting risk while supporting scalability.

*  Household adaptation: Despite household-specific variation, pooled analyses consis-
tently emphasized stable subsets. The proxy-based approach also showed resilience to
minor sensor noise and household-specific fluctuations, maintaining consistent trends
across environments.

9.3. Theoretical and Practical Implications

Theoretically, this work extends proxy from feature design to a methodological princi-
ple for label-free learning. The combination of lexicographic and Pareto analysis provides
a reproducible strategy for feature selection under competing criteria [51-53]. Practically,
household-adaptive models can be realized using only water-heater logs. Compact proxy-
driven subsets reduced false alarms to 0.23/day while maintaining summer PR-AUC
near 0.87, supporting cost-efficient, interpretable, and privacy-preserving deployment. In
practical use, such models can be deployed in new households without full retraining,
facilitating lightweight adaptation and reducing maintenance costs. Beyond shower de-
tection, the dual-proxy framework could be extended to other smart-home and healthcare
applications that require robust behavioral estimation under label scarcity. The proposed
framework achieves a practical balance between accuracy, privacy, and energy efficiency
by leveraging existing water-heater infrastructure. Because it requires no additional sen-
sors or continuous high-frequency monitoring, it minimizes both sensing overhead and
computational cost while maintaining reliable detection accuracy. This balance makes the
approach suitable for sustainable, real-world deployment.
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9.4. Limitations and Future Directions

This study involved two households only, with training restricted to winter data
and evaluation limited to one year. Seasonal tendencies (e.g., more frequent showering
in summer) were observed within our dataset, yet these trends may not generalize to
different climates or cultural contexts. Because the year-long evaluation encompassed
natural fluctuations in daily routines, including temporary variations such as guest visits
or vacations, the consistent monthly PR-AUC and F1 trends suggest that the proxy-driven
models were resilient to moderate household-dynamic changes. However, substantial
structural or technological modifications (e.g., renovations or new appliances) remain
beyond the current study scope and warrant further investigation in future work. In this
study, model parameters were fixed after the winter training phase to isolate proxy-driven
generalization effects. For long-term real-world deployment, however, periodic retraining
or online adaptation will be required to accommodate gradual changes in household
routines and maintain stable performance over time. Future work should expand to more
diverse households, integrate additional proxy features, and extend proxy-driven schemes
to other daily behaviors, including elderly care and energy management, where scalable,
adaptive estimation is essential.

10. Conclusions

This study proposed a dual-proxy framework for household-adaptive shower detec-
tion, combining feature-level proxy design and a proxy-driven training scheme. Through
three research questions, we showed that

*  Feature-level proxy (washing_seconds) improves discrimination, increasing summer
PR-AUC and reducing non-summer false alarms (RQ1).

*  Proxy-driven evaluation identifies compact and generalizable subsets, typically re-
quiring only 2-3 features anchored by washing_seconds (RQ2).

¢  These subsets remain robust in long-term evaluation, with small generalization gaps,
preserved calibration, and favorable operational KPIs (RQ3).

Taken together, these findings demonstrate that proxy can function both as a fea-
ture and as a methodological principle. The dual-proxy framework enables accurate,
stable, and cost-efficient behavioral sensing from existing infrastructure, offering a scalable
path for real-world smart home applications. Future work will extend proxy-driven ap-
proaches to diverse households and broader daily activities, further advancing adaptive
and privacy-preserving monitoring. Although the present implementation used Light-
GBM, the proposed framework is model-agnostic and applicable to other machine-learning
architectures that operate under label-scarce or unlabeled conditions. In practical use,
the framework can be adapted to new households or devices without extensive retraining,
supporting lightweight and sustainable deployment. In future work, this concept could be
extended beyond shower detection to other household and healthcare activities, supporting
adaptive and privacy-preserving monitoring at scale.
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Abbreviations

The following abbreviations are used in this manuscript:

ECE Expected Calibration Error

FPR False-Positive Rate

FA/day False Alarms Per Day

F1 F1-score (harmonic mean of precision and recall)
LightGBM Light Gradient Boosting Machine

MCC Matthews Correlation Coefficient

NILM Non-Intrusive Load Monitoring

PR-AUC Precision—Recall Area Under Curve
Prec@Rec  Precision at fixed Recall
Rec@Prec  Recall at fixed Precision
SVM Support Vector Machine
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