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Abstract

Suboptimal telemetry data quality fundamentally degrades dispatch optimization and ther-
mal load forecasting in smart district heating networks. Existing preprocessing routines rely
heavily on isolated, unidimensional thresholds and bidirectional interpolation, routinely
inducing high false-alarm rates during legitimate peak operations and causing acausal
information leakage. To resolve these limitations, this study proposes an end-to-end data en-
hancement framework combining an Enhanced Isolation Forest with a strictly causal Long
Short-Term Memory (LSTM) sequence imputation architecture. The anomaly detection
module integrates Seasonal-Trend decomposition using Loess (STL) to eliminate diurnal
cyclical masking, adopts an inverse-variance weighting scheme to prioritize discriminative
variables, and implements Tikhonov-regularized Mahalanobis distance metric traversal
to capture coupled thermodynamic covariance distortions. For sequential recovery, the
causal LSTM network reconstructs unobserved states using solely historical antecedents,
with mass flow rate algebraically recovered via thermal energy balance to preserve cross-
parameter physical consistency. Validated on continuous hourly field SCADA observations
across a complete heating season (N = 2904), the proposed detection scheme achieves an
F1-score of 94.55% with a low false positive rate of 2.45%, outperforming conventional
isolation trees. In sequence reconstruction across a 672 h benchmark, the causal LSTM
achieves normalized mean squared errors of 0.1196 for contiguous block voids and 0.1104
for single-point missing values, substantially surpassing classical Lagrange interpolation.
Downstream deployment into a Bayesian-optimized Gated Recurrent Unit (GRU) load
forecasting model demonstrates that this upstream data quality enhancement reduces the
root mean squared error from 174.75 to 56.36 kWh/h (a 67.75% relative reduction), lowers
the mean absolute percentage error from 12.17% to 4.05%, contracts error variance from
30,538.13 to 3240.7, and achieves a high goodness-of-fit (R2 = 0.9917). These findings
provide an empirical bridge between upstream physics-consistent telemetry refinement
and downstream predictive operational reliability in industrial thermal systems.

Keywords: data quality improvement; smart heating; GRU-based load forecasting;
enhanced isolation forest algorithm

1. Introduction
Data quality degradation across supervisory control and data acquisition (SCADA)

interfaces presents a critical bottleneck in the automated dispatch and operational optimiza-
tion of smart district heating networks. In field installations, harsh piping environments,
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transmission interference, and remote terminal unit packet dropouts routinely introduce
severe sensor drift, transient spikes, and contiguous measurement gaps. Advanced op-
erational pipelines—such as dynamic load forecasting, state estimation, and hydraulic
balancing—fundamentally require high-fidelity time-series inputs. Nevertheless, opera-
tional routines in thermal engineering still rely predominantly on isolated unidimensional
thresholds, static box plots, Lagrange polynomials, or piecewise linear interpolation [1,2].

Recent domain-specific investigations have sought to mitigate telemetry irregularities.
Shi [3] integrated Pearson correlation coefficients with rolling temporal windows to ac-
commodate thermal lag, using k-means clustering to isolate decoupled operating regimes.
Sun et al. [4] deployed CEEMDAN-PE decomposition to suppress noise in non-stationary
thermal load series, and Fang et al. [5] established an online verification framework for
ultrasonic flowmeter diagnostics. Despite these developments, primitive unidimensional
heuristics remain entrenched in heating analytics. In multi-year load profiling, Noussan
et al. [6] applied linear interpolation across telemetry voids, while Calikus et al. [7] com-
bined linear interpolation with median absolute deviations to filter step-change anomalies
prior to customer load clustering. In machine-learning load forecasting, Habib et al. [8]
depended on standard linear imputation for sequence recovery, and Gianniou et al. [9]
used static box-plot bounds to excise anomalous consumption records. These isolated
filtering mechanisms operate independently across individual channels, failing to maintain
the thermodynamic and hydraulic state consistency governing multi-station networks [10].

In broader Industrial Internet of Things (IIoT) and energy process analytics, multivari-
ate anomaly detection has transitioned toward complex spatio-temporal representations.
Zhou et al. [11] coupled Gaussian Mixture Models with neural networks to identify outliers
across non-Gaussian industrial distributions. Deng et al. [12] introduced Toeplitz Inverse
Covariance Clustering for dynamic multivariate segmentation and residual fault discovery.
For high-dimensional power-grid telemetry, Liu et al. [13] formulated a fast density-peak
clustering framework accelerated by k-nearest neighbors. In hydrological monitoring, Zhao
et al. [14] implemented tree-based Isolation Forests to screen intake anomalies via path-
length scoring. Sun et al. [15] deployed an ARIMA-SVR architecture to generate dynamic
confidence envelopes, and Sun and He [16] combined k-means clustering with Thiessen
spatial tessellations for geographic outlier mining. Comprehensive taxonomies and bench-
marks for sensor network anomaly detection have been established by Chen et al. [17] and
Nassif et al. [18]. However, conventional isolation trees and distance estimators operate
within isotropic Euclidean space, suffering performance degradation when exposed to the
severe multicollinearity and diurnal periodicity characteristic of thermal telemetry [19,20].

In parallel, sequential time-series imputation has shifted from static mathematical
approximations to deep recurrent architectures. Zhang et al. [21] incorporated sliding
temporal windows into k-nearest neighbor regression to reconstruct residential indoor tem-
peratures. Addressing extended temporal dependencies in gas distribution, Hu et al. [22]
implemented a Bidirectional LSTM for telemetry gap recovery. For streaming sensor in-
frastructures, Júnior and Silva [23] designed an incremental learning framework pairing
evolutionary fuzzy logic with neo-fuzzy networks. Liu et al. [24] introduced a robust
multi-model t-distribution framework for linear parameter-varying systems under missing
observations, while Garcia et al. [25] developed an incremental fuzzy rule granular com-
puting model for dynamic sequence recovery. Modern deep sequential architectures have
consistently demonstrated superior fidelity in capturing complex non-linear cross-channel
dynamics during extended sequence reconstruction [26,27].

Current district heating data processing routines exhibit two primary deficiencies.
First, existing anomaly screening and imputation methods operate predominantly through
unidimensional, acausal pipelines that neglect intrinsic thermodynamic–hydraulic cou-
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plings and 24 h diurnal dispatch modes. Consequently, conventional filters routinely
misclassify legitimate morning peak dispatch surges as anomalies while overlooking coor-
dinated multivariate sensor distortions. Furthermore, bidirectional interpolation models
introduce acausal future-data leakage into reconstructed sequences. Second, existing stud-
ies evaluate data preprocessing techniques primarily through standalone statistical loss
metrics within isolated offline environments, lacking rigorous out-of-sample validation to
quantify how upstream data quality improvements propagate to downstream operational
forecasting and dispatch tasks [28–30].

To resolve these limitations, this study proposes an end-to-end, physics-consistent data
quality enhancement and predictive validation framework. The anomaly detection module
upgrades the Isolation Forest by integrating Loess-based seasonal-trend decomposition
(STL) to decouple deterministic 24 h diurnal baselines, inverse-variance feature weighting
to prioritize discriminative telemetry channels, and Tikhonov-regularized Mahalanobis
distance metric traversal to capture coupled covariance distortions. Subsequently, an
engineered Long Short-Term Memory (LSTM) network performs strictly causal forward im-
putation to reconstruct missing telemetry without future-data leakage, enforcing physical
consistency by algebraically reconstructing primary mass flow via thermal energy balance.
Finally, the empirical gains derived from the restored telemetry stream are systematically
validated through an out-of-sample Bayesian-optimized Gated Recurrent Unit (GRU) ther-
mal load forecasting model, demonstrating that robust multi-parameter data enhancement
directly elevates operational dispatch stability under real-world operating conditions.

2. Materials and Methods
Data quality degradation in smart district heating networks—arising from hardware mal-

functions, sensor degradation, and external telecommunication disturbances—compromises
downstream analytics and impairs automated dispatch decisions. Unlike conventional
operational datasets, thermal telemetry is strictly governed by hydrodynamic and thermo-
dynamic laws while exhibiting complex spatio-temporal dependencies. Temporally, heat
load distributions display pronounced diurnal periodicity with distinct bimodal morning
and evening peaks. Spatially, pipeline network topology induces substantial operational
heterogeneity in pressure profiles and mass flow distributions between proximal and
hydraulically remote substations.

To systematically address these domain-specific characteristics without resorting to dis-
jointed, multi-stage screening pipelines, this study establishes a unified multidimensional
anomaly detection architecture based on an Enhanced Isolation Forest algorithm. By syner-
gistically integrating seasonal-trend decomposition using Loess (STL), inverse-variance
feature weighting, and Tikhonov-regularized Mahalanobis distance metric traversal, the
proposed model simultaneously isolates high-frequency stochastic spikes and detects
coordinated multivariate operational corruptions within a unified end-to-end framework.

2.1. Data Source

The empirical evaluation is based on field telemetry collected from an operational
district heating network in Central China across the complete 2022–2023 heating season,
spanning from 15 November 2022 to 15 March 2023. The regional infrastructure serves a
cumulative heating area of 11.09 million square meters via 234 distributed heat exchange
stations, 79.1% of which are integrated into an automated supervisory telemetry platform.
The supervisory control and data acquisition (SCADA) system records operational variables
at an hourly sampling resolution, encompassing primary supply and return temperatures
(T1g, T1h), secondary supply and return temperatures (T2g, T2h), primary supply and return
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pressures (P1g, P1h), secondary supply and return pressures (P2g, P2h), primary circuit mass
flow rate (G1), and instantaneous thermal output (Q1).

2.2. Improving the Isolation Forest Algorithm

Although the classical Isolation Forest exhibits low computational complexity and
high partitioning efficiency, its reliance on uniform random feature selection ignores the
intrinsic physical couplings and distinct baseline variances across thermodynamic state
variables. Consequently, when directly applied to high-dimensional operational telemetry
in heating networks, the standard formulation often suffers from reduced sensitivity toward
coordinated multidimensional anomalies. To overcome these constraints, the proposed
framework establishes an Enhanced Isolation Forest by systematically integrating temporal
sequence decomposition, discriminative feature weighting, and metric-space traversal.

Prior to anomaly screening, seasonal-trend decomposition using Loess (STL) decou-
ples the raw telemetry into deterministic trend, cyclical diurnal, and stochastic residual
components. Setting the seasonal periodicity parameter to Np = 24 captures the 24 h
diurnal operational cycle driven by meteorological variations and centralized scheduling
routines. The corresponding Loess smoothing windows are configured as n(s) = 35 for the
seasonal component, n(t) = 49 for the trend baseline, and n(l) = 25 for the low-pass filter,
which collectively isolate macroscopic dispatch adjustments and high-frequency noise from
regular daily oscillations.

The residual signals isolated by STL decomposition serve as inputs to the weighted
isolation ensemble. The ensemble is configured with ntrees = 100 isolation trees, each
constructed by drawing a sub-sample of ψ = 256 instances without replacement, yielding
a maximum tree termination depth of hmax = ⌈log2 ψ⌉ = 8. Rather than selecting split
attributes with equal likelihood, feature sampling is governed by an inverse-variance
weighting scheme that assigns higher selection probabilities to channels exhibiting lower
baseline dispersion, thereby prioritizing parameters that provide sharper discriminative
boundaries. The feature selection probability distribution is formulated as:

pj =
wj

∑d
k=1 wk

=
σ−2

j

∑d
k=1 σ−2

k

(1)

To faithfully capture multivariate covariance structures and account for the strong
collinearity present among hydraulic and thermal telemetry parameters, node traversal
within the isolation trees is calculated in a Riemannian metric space rather than Euclidean
space. To eliminate numerical instability and prevent matrix singularity during inversion,
the empirical covariance matrix Σ computed on the residual vectors is regularized via
Tikhonov regularization as Σreg = Σ + λI, where λ = 10−5 and I denotes the identity
matrix. During the recursive sample traversal of a state vector x, the incremental path length
is weighted according to the regularized Mahalanobis distance between the candidate point
and the current split threshold vector s:

∆h =
√︂
(x − s)TΣ−1

reg(x − s) (2)

Through this metric scaling, sample points located in low-density regions of the joint
covariance manifold require fewer traversals to become isolated, effectively flagging multi-
variate outliers where individual measurements remain within ostensibly normal univariate
bounds but violate coupled physical constraints. The complete computational workflow
of the proposed Enhanced Isolation Forest—spanning STL residual decoupling, inverse-
variance probability assignment, regularized tree partitioning, and composite anomaly
scoring—is illustrated in Figure 1.
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Figure 1. Processing flowchart of the improved Isolation Forest algorithm.

2.3. LSTM Imputation Algorithm

To reconstruct missing telemetry without distorting sequential continuity, an engi-
neered Long Short-Term Memory (LSTM) recurrent neural network is deployed. Unlike
static geometric heuristics such as linear or polynomial interpolation, the gated recurrent
structure inherently captures the non-linear thermal inertia and hydraulic lag dynamics
governing district heating operations. The network operates over a causal antecedent
window of Lin = 23 hourly observations.

In operational substations, primary circuit thermal power and hydraulic states are
strictly governed by continuous thermal energy conservation: Q1 ≈ cρG1(T1g − T1h),
where c is the specific heat capacity of water, ρ is fluid density, and G1 denotes primary
mass flow rate. Rather than treating all channels purely through statistical fitting, the LSTM
is dedicated to mapping the D = 9 primary thermodynamic and pressure state variables
(T1g, T1h, P1g, P1h, T2g, T2h, P2g, P2h, and Q1), while G1 is algebraically reconstructed from
the recovered thermal balance. This explicit physical constraint enforces thermodynamic
consistency across the restored state matrix and eliminates cross-variable divergence.

The network architecture comprises a recurrent layer with 64 hidden units, followed
by a dropout layer with probability p = 0.1 to suppress overfitting, and a dense output
layer projecting hidden states to target predictions. Operational attributes are scaled to
[0, 1] via feature-wise Min–Max transformation using statistics derived strictly from the
training partition. Training minimizes the Mean Squared Error (MSE) objective using the
Adam optimizer with an initial learning rate η = 0.001, moment decay rates β1 = 0.9 and
β2 = 0.999, a batch size of 32, and an optimization horizon of 250 epochs. For cold-start
periods within the initial 23 h where historical lookback contexts are unavailable, standard
linear interpolation serves as a deterministic fallback initialization.

2.4. End-to-End Data Processing Pipeline and Data Leakage Prevention

To ensure strict experimental reproducibility and eliminate acausal temporal leakage,
the data enhancement and validation pipeline adheres to a strictly chronological protocol.
The complete operational SCADA sequence (N = 2904 consecutive hours) is partitioned
chronologically into a training set of Ntrain = 2033 samples (from 00:00 on 15 November
2022 to 17:00 on 7 February 2023) and an out-of-sample testing set of Ntest = 871 samples
(from 18:00 on 7 February 2023 to 23:00 on 15 March 2023). Random shuffling and standard
k-fold cross-validation are prohibited to maintain physical time directionality.

All empirical preprocessing parameters—including the feature scaling bounds xtrain
min

and xtrain
max , Loess decomposition baselines, and the regularized residual covariance matrix

Σtrain
reg —are calibrated exclusively on the training partition. During downstream testing

inference, out-of-sample observations are transformed using these frozen parameters:

x(t)norm =
x(t) − xtrain

min
xtrain

max − xtrain
min

, ∀t ∈ Test (3)

The LSTM imputation network is optimized strictly on complete-case segments ex-
tracted from the training partition. Within the out-of-sample testing split, whenever an
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operational anomaly is excised by the Enhanced Isolation Forest or a communication outage
occurs, imputation proceeds in a streaming causal mode: the network reconstructs target
state x(t) using solely the preceding operational sequence

[︂
x(t−23), . . . , x(t−1)

]︂
. Unobserved

future measurements (τ > t) are inaccessible throughout the reconstruction loop. Subse-
quently, the downstream predictive model is trained exclusively on the refined training
set, and rolling out-of-sample multi-step evaluation is conducted sequentially on the re-
stored testing partition, maintaining an uncompromising physical barrier between data
preparation and predictive validation.

3. Experimental Results and Analysis
3.1. Anomaly Detection Results and Case Analysis

Seasonal-trend decomposition using Loess (STL) was implemented in MATLAB 2023b,
selecting primary supply temperature (T1g) at the HMGG heat exchange station as the
representative operational benchmark. The raw operational trajectory, depicted in Figure 2,
comprises N = 2904 consecutive hourly observations spanning the complete 2022–2023
heating season (from 15 November 2022 to 15 March 2023). In central heating infrastructure,
T1g represents the primary dispatch control variable, reflecting macroscopic trajectories
dictated by outdoor ambient temperatures and district heating demand. For instance,
the sustained 20 ◦C baseline drop between 1150 h and 1750 h corresponds to an opera-
tional mode shift toward moderate-temperature circulation during an extended mid-winter
warming interval. Conversely, localized high-frequency fluctuations and sharp troughs
indicate transient hydraulic adjustments, load shedding, or momentary substation shut-
downs. To accommodate diurnal periodicities—such as cyclical variations in secondary
network temperatures and circulating pump schedules—the seasonal parameter was set to
Np = 24.

Figure 2. Raw operational data plot of the primary network supply temperature (T1g) at the HMGG
heat exchange station.

The resulting STL decomposition, illustrated in Figure 3, isolates primary supply
temperature into three constituent signals. The trend component tracks long-term climatic
variations and centralized dispatch trajectories: it rises steadily during initial startup
to overcome pipeline thermal inertia, adapts during mid-January cold extremes, and
declines systematically toward season conclusion as space heating loads decrease. The
seasonal component displays stable 24 h periodic cycles centered near zero, capturing
deterministic daily patterns induced by ambient day-night temperature swings and routine
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pump scheduling. By decoupling macroscopic trends and cyclical variations, the residual
component successfully isolates stochastic high-frequency disturbances. While steady-state
residuals remain closely bounded within ±0.5 ◦C, prominent deviations exceeding ±3 ◦C
directly reveal localized hydraulic shocks, valve throttling anomalies, or sensor distortions.
Excising these deterministic dynamics removes diurnal masking, yielding an uncorrupted
high signal-to-noise ratio representation for subsequent metric-space anomaly isolation.

Figure 3. STL decomposition results of the primary network supply water temperature at the HMGG
heat exchange station.

To establish an objective benchmark without ground-truth ambiguity, quantitative
screening performance was evaluated across a continuous 672 h operational sequence
(a 28-day baseline period extracted from the stable training partition) containing synthe-
sized multidimensional anomalies, including sensor calibration drifts, transient spikes,
and coordinated temperature-pressure distortions. The comparative evaluation across
model configurations reveals substantial performance differentials. The standard Isolation
Forest achieved an F1-score of only 76.19% (precision of 78.43%, recall of 74.07%) along-
side an elevated false positive rate (FPR) of 8.16%, primarily because isotropic Euclidean
partitioning misinterprets legitimate morning peak dispatch surges as operational outliers.
Incorporating STL decomposition to filter deterministic diurnal baselines elevated the
F1-score to 87.27% (precision of 85.71%, recall of 88.89%) and lowered the FPR to 4.90%,
verifying the necessity of cyclical decoupling. The fully configured Enhanced Isolation
Forest—integrating STL residual decoupling, Tikhonov-regularized Mahalanobis distance
metric traversal, and inverse-variance feature weighting—achieved superior screening
accuracy, reaching an F1-score of 94.55% (precision of 92.86%, recall of 96.30%) while
suppressing the FPR to 2.45%. These results confirm that traversing along the empiri-
cal covariance manifold while weighting discriminative channels establishes a rigorous
operational envelope that effectively captures complex multivariate distortions.

Applying the calibrated Enhanced Isolation Forest across the complete heating season
yielded the continuous anomaly scoring profile shown in Figure 4, where multi-parameter
observations exceeding the dynamic statistical threshold of µ ± 2σ are flagged.
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Figure 4. Operational data anomaly scores generated by the improved Isolation Forest algorithm.

The flagged operational anomalies were subsequently mapped onto the original
telemetry channels, as demonstrated for primary supply water temperature in Figure 5.

Figure 5. Anomaly detection mapping on the primary network supply water temperature time series.

To examine the model’s screening capability under coordinated telemetry distortions, a
representative operational anomaly captured at 10:00:00 on 28 November 2022 is detailed in
Table 1. Evaluated via conventional univariate screening rules, each individual parameter
remains strictly within plausible physical ranges. However, multivariate evaluation reveals
concurrent abnormal drops across primary and secondary temperatures (T1g dropping to
73.7 ◦C, T1h to 33.6 ◦C, T2g to 39.8 ◦C, and T2h to 34.1 ◦C), accompanied by an instantaneous
thermal output plunge to 1230.2 kWh/h and a flow reduction to 30.9 m3/h, followed
by immediate recovery in subsequent hours. Driven by these coupled cross-channel
deviations, the composite anomaly score surged to 3.35, decisively breaching the decision
threshold. This demonstrates that Mahalanobis distance-enhanced traversal identifies
subtle topological departures from the joint operational manifold, effectively flagging
coupled thermodynamic anomalies that escape conventional single-variable screening.
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Table 1. Operational SCADA data segment from the HMGG heat exchange station on 28 November
2022 (featuring the multivariate anomaly at 10:00:00).

Time T1g (◦C) T1h
(◦C)

P1g
(MPa)

P1h
(MPa) T2g (◦C) T2h

(◦C)
P2g

(MPa)
P2h

(MPa)
Q1

(kWh/h)
G1

(m3/h)

6:00:00 76.7 34.9 0.48 0.38 41.9 35.3 0.40 0.34 1492.6 36.7
7:00:00 78.6 35.1 0.48 0.39 42.2 35.3 0.40 0.34 1561.6 36.5
8:00:00 78.3 35.1 0.48 0.39 41.9 35.3 0.39 0.33 1471.8 34.7
9:00:00 76.9 35.2 0.47 0.38 42.0 35.3 0.39 0.33 1540.9 37.4

10:00:00 73.7 33.6 0.46 0.38 39.8 34.1 0.37 0.31 1230.2 30.9
11:00:00 79.6 35.2 0.45 0.37 42.1 35.1 0.38 0.32 1561.4 35.5
12:00:00 81.0 35.1 0.44 0.36 41.9 35.1 0.37 0.31 1517.1 33.2
13:00:00 81.3 35.2 0.43 0.35 42.0 35.1 0.37 0.31 1587.3 34.6

3.2. Data Imputation Results

The reconstruction performance of the Long Short-Term Memory (LSTM) causal impu-
tation model was initially evaluated on a continuous reference baseline of 672 anomaly-free
records extracted from the unperturbed training partition. To eliminate scale disparities
across heterogeneous thermal–hydraulic quantities—such as instantaneous thermal load
versus pipeline hydraulic pressures—all input variables were normalized into the dimen-
sionless interval [0, 1] via feature-wise Min–Max scaling. The resulting Mean Squared Error
(MSE) quantifies the macro-averaged reconstruction divergence across all normalized chan-
nels, providing a scale-invariant benchmark prior to restoring physical dimensions. The
recurrent neural network, configured with 64 hidden units and optimized over 250 training
epochs with an initial learning rate of 0.001, achieved a normalized MSE of 0.1196 for
contiguous block-wise missing sequences. This performance substantially outperforms
classical Lagrange interpolation, which recorded an MSE of 3.7882 under identical con-
ditions. In single-point missing tests, the model maintained consistent tracking fidelity,
recording an MSE of 0.1104 and confirming its capacity to preserve non-linear dynamic
continuity across coupled thermodynamic states.

Following baseline validation, the trained LSTM architecture was deployed to restore
missing telemetry voids across the field SCADA dataset. Prior to sequence reconstruction,
all operational anomalies—including localized transient spikes and coordinated multi-
parameter distortions—were excised based on the Enhanced Isolation Forest screening.
Field imputation performance across contiguous block dropouts is presented in Table 2,
which contrasts operational observations from 18 December 2022 with the corresponding
model estimations. Similarly, sequence restoration results for single-point telemetry voids
recorded on 5 March 2023 are summarized in Table 3. As shown in both tables, the
reconstructed states smoothly adhere to the operational trajectories of preceding and
succeeding timestamps, preserving hydraulic–thermal equilibrium without exhibiting
boundary step-discontinuities or numerical instability.

Table 2. Partial actual data LSTM whole-row imputation results on 18 December 2022 (imputed
values are highlighted in boldface).

Time T1g (◦C) T1h (◦C) P1g
(MPa)

P1h
(MPa) T2g (◦C) T2h (◦C) P2g

(MPa)
P2h

(MPa)
Q1

(kWh/h)

01:00:00 78.6 37.8 0.50 0.68 44.0 36.2 0.38 0.32 1875.2
02:00:00 78.1 37.8 0.50 0.68 43.9 36.2 0.38 0.32 1894.7
03:00:00 79.6 37.8 0.50 0.68 44.1 36.2 0.38 0.32 1878.9
04:00:00 80.4 37.8 0.49 0.68 44.2 36.2 0.38 0.32 1871.0
05:00:00 80.107 37.831 0.490 0.680 44.215 36.193 0.375 0.315 1830.788
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Table 2. Cont.

Time T1g (◦C) T1h (◦C) P1g
(MPa)

P1h
(MPa) T2g (◦C) T2h (◦C) P2g

(MPa)
P2h

(MPa)
Q1

(kWh/h)

06:00:00 79.4 37.8 0.49 0.68 44.1 36.2 0.37 0.31 1806.3
07:00:00 78.6 37.7 0.48 0.68 43.9 36.2 0.37 0.31 1853.6
08:00:00 77.7 37.8 0.48 0.68 44.0 36.1 0.37 0.31 1916.3
09:00:00 79.1 37.8 0.48 0.68 44.0 36.1 0.37 0.31 1891.3
10:00:00 78.510 37.783 0.477 0.685 43.908 36.107 0.370 0.310 1920.085
11:00:00 76.5 37.9 0.47 0.69 43.9 36.1 0.38 0.32 1928.8
12:00:00 75.1 38.1 0.46 0.69 44.0 36.1 0.40 0.34 1843.5
13:00:00 74.6 38.0 0.45 0.69 43.9 36.1 0.40 0.34 1831.1
14:00:00 74.0 38.2 0.45 0.69 44.0 36.1 0.40 0.34 1868.3
15:00:00 73.0 38.2 0.44 0.69 44.0 36.1 0.39 0.33 1844.6

Table 3. Partial actual data LSTM single-point imputation results on 5 March 2023 (imputed values
are highlighted in boldface).

Time T1g (◦C) T1h (◦C) P1g
(MPa)

P1h
(MPa) T2g (◦C) T2h (◦C) P2g

(MPa)
P2h

(MPa)
Q1

(kWh/h)

01:00:00 75.7 34.0 0.43 0.05 39.5 34.3 0.38 0.32 1050.9
02:00:00 75.6 33.9 0.45 0.05 39.2 34.1 0.37 0.31 1071.8
03:00:00 74.6 33.8 0.45 0.05 39.2 33.9 0.39 0.33 1084.8
04:00:00 70.2 33.9 0.46 0.06 38.9 33.9 0.39 0.33 1080.082
05:00:00 66.744 33.9 0.47 0.07 38.8 33.9 0.38 0.32 1075.9
06:00:00 65.581 33.9 0.44 0.06 39.0 33.9 0.37 0.31 1072.1
07:00:00 66.602 33.9 0.43 0.05 39.0 33.9 0.38 0.32 1060.7
08:00:00 79.7 33.7 0.44 0.05 39.1 33.9 0.37 0.31 1073.7
09:00:00 74.0 33.4 0.44 0.05 39.1 33.9 0.38 0.32 1094.0
10:00:00 76.415 33.3 0.45 0.05 39.0 33.8 0.39 0.33 1107.340
11:00:00 76.5 33.4 0.46 0.04 39.0 33.9 0.38 0.32 1085.6
12:00:00 75.6 33.4 0.46 0.03 38.8 33.9 0.37 0.31 1040.9
13:00:00 76.6 33.4 0.48 0.05 39.0 33.9 0.40 0.34 1083.7
14:00:00 76.1 33.4 0.48 0.05 39.1 33.8 0.38 0.32 1091.9
15:00:00 75.7 34.0 0.43 0.05 39.5 34.3 0.38 0.32 1050.9

4. Heating Data Quality Improvement Results
4.1. GRU Load Forecasting Model

Evaluating data quality enhancement in field industrial operations presents an inher-
ent challenge for unsupervised pipelines, as uncorrupted ground-truth telemetry during
sensor failures or severe noise events is fundamentally unobservable. Under such con-
straints, indirect validation via representative downstream industrial analytics offers an
objective and pragmatic benchmark. In this study, the multi-parameter time series—purged
of multivariate anomalies by the Enhanced Isolation Forest and causally reconstructed
through the LSTM network—serves as the input sequence to a Gated Recurrent Unit (GRU)
thermal load forecasting model. The GRU architecture is adopted for its streamlined gating
mechanism, computational efficiency, and robust capacity to capture the non-linear thermal
inertia and transport delays intrinsic to district heating systems. The model executes rolling
single-step-ahead (1 h) load projections by synthesizing short-term meteorological fore-
casts, primary-side operational telemetry, and historical load sequences across multi-day
antecedent windows.

To guarantee objective comparability and prevent hyperparameter selection bias,
structural and optimization parameters of the GRU network were determined through
an identical Bayesian optimization procedure executed across both raw and enhanced
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telemetry datasets, using the validation-partition Root Mean Squared Error (RMSE) as the
objective loss function. The model operates over a sliding lookback horizon of Llookback =

24 h to project hourly thermal load trajectories. At each forecasting step, the synchronized
input vector integrates three heterogeneous operational categories: local meteorological
predictions (Denv = 2, comprising outdoor ambient temperature and wind speed), primary
circuit hydraulic–thermal telemetry (Dscada = 5, comprising T1g, T1h, P1g, P1h, and G1), and
instantaneous thermal load observations (Dload = 1, corresponding to Q1) augmented
with 72 h historical lagged baselines. This formulation establishes a consolidated input
dimensionality of Dtotal = Denv + Dscada + Dload = 8 attributes per timestep.

The resulting Bayesian-optimized forecasting architecture comprises 4 stacked GRU
layers with 194 hidden units per layer, trained via the Adam optimizer with a batch
size of 64, an initial learning rate of 0.00013, a maximum gradient clipping threshold of
1.0 to prevent gradient explosion, and an optimization budget of 300 epochs. Identical
chronological data partitioning (Ntrain = 2033, Ntest = 871), normalization statistics, and
random initialization seeds were strictly preserved across all comparative experiments to
enforce absolute experimental fairness.

4.2. Load Forecasting Performance Using Optimized Data

In strict adherence to the causal leakage-prevention protocol established in Section 2.4,
the downstream predictive evaluation was executed out-of-sample across the final chrono-
logical segment comprising Ntest = 871 hourly observations. The GRU forecasting architec-
ture was deployed in a rolling streaming framework: at each hourly timestamp t, the input
feature tensor was populated exclusively using historical primary-side hydraulic–thermal
observations (τ ≤ t − 1), prediction-day ambient meteorological forecasts, and antecedent
load histories. Consequently, the network generates the single-step-ahead thermal load
estimate ŷt prior to observing true state yt. A comprehensive comparative trajectory of the
hourly load predictions generated from the raw operational series versus the refined dataset
is illustrated in Figure 6, where Figure 6a presents the baseline forecast under raw data
conditions and Figure 6b highlights the predictive trajectory following data enhancement.

(a) (b)

Figure 6. Comparison of load forecasting performance between raw data and enhanced processing
methods: (a) load forecasting performance using raw data; (b) load forecasting performance using
enhanced methods.

As revealed by the empirical trajectories, although the model trained on raw opera-
tional data attains reasonable tracking during mild, low-demand intervals, it suffers severe
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predictive degradation during high-demand peak intervals. This performance decay is pri-
marily attributable to unresolved telemetry anomalies and abrupt physical discontinuities,
which corrupt the recurrent hidden states and obstruct coherent pattern recognition. Con-
versely, the model driven by the enhanced data demonstrates close tracking fidelity across
all operational phases, stably capturing sharp peak surges and tracking rapid thermal load
modulations with high precision.

Inspection of the temporal error distributions further reveals that raw data forecasts
exhibit violent residual swings, with localized errors expanding up to ±250 kWh/h and
displaying pronounced variance shifts prior to heating season termination. In sharp
contrast, the proposed data enhancement pipeline substantially narrows the residual error
envelope and stabilizes variance across the entire validation horizon. The quantitative
validation metrics, summarized in Table 4, provide conclusive evidence of the predictive
gains achieved through systematic data quality improvement.

Table 4. Comparative performance metrics of both approaches.

Data Processing Method RMSE MAPE R2 Error Variance Kurtosis

Raw data 174.75 12.17% 0.9216 30,538.13 2.67
Improvement Method 56.36 4.05% 0.9917 3240.7 4.30

To provide an empirical baseline for understanding these predictive gains, the spatial
and temporal prevalence of telemetry defects across the multi-parameter SCADA records
was thoroughly quantified. Within the complete heating season sequence (N = 2904 hourly
observations, with Ntest = 871 records residing in the testing partition), the proposed
framework flagged a total of 137 multivariate anomalies (representing an overall anomaly
rate of 4.72%, with 42 anomalies identified in the testing partition, yielding an out-of-sample
anomaly rate of 4.82%) alongside 89 missing records (corresponding to a seasonal missing
rate of 3.06%). These observed telemetry gaps exhibited heterogeneous fault topologies,
spanning isolated single-point dropouts and consecutive multi-step communication voids.
Specifically, consecutive telemetry voids presented an average interruption duration of
2.47 h, with a maximum continuous outage reaching 14 h during a mid-winter remote
terminal unit (RTU) hardware failure. Resolving these corruptions without temporal
leakage directly underpins the predictive stability and variance suppression documented
in Table 4.

To systematically assess the operational boundaries and robustness of the proposed
framework, sensitivity analyses were conducted across varying missing data proportions
and gap durations. When continuous telemetry dropouts remain within 24 h (correspond-
ing to a single diurnal heating cycle), the LSTM network reconstructs unobserved state
trajectories with minimal error accumulation (MSE < 0.15), as physical couplings across
parallel hydraulic and thermal channels provide sufficient spatial-temporal constraints.
However, when continuous gaps extend beyond 48 h, temporal autocorrelation decays sub-
stantially, leading to an approximate 23.4% elevation in downstream GRU forecasting error
(RMSE). The experimental findings indicate that the data quality enhancement pipeline
exhibits superior robustness when the missing data proportion remains below an empirical
threshold of 15%. Beyond a 20% missing ratio or under extreme prolonged communication
outages exceeding 48 h, purely data-driven recurrent imputation benefits from coupling
with thermodynamic pipe-network models to prevent trajectory drift.

Overall, the end-to-end framework—integrating the Enhanced Isolation Forest for mul-
tidimensional outlier excision and the causal LSTM network for sequence reconstruction—
reduced the downstream forecasting RMSE from 174.75 to 56.36 kWh/h, achieving a
substantial relative improvement of 67.75%. Concurrently, the Mean Absolute Percentage
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Error (MAPE) decreased from 12.17% to 4.05%, representing a relative error reduction of
66.72%, while the coefficient of determination reached R2 = 0.9917, alongside a drastic
contraction in error variance from 30,538.13 to 3240.7. These findings empirically validate
that resolving operational telemetry distortions directly unlocks the performance potential
of advanced neural architectures in smart district heating networks.

5. Summary and Conclusions
This study established and experimentally validated an integrated, physics-consistent

data quality enhancement framework tailored to the complex dynamics of smart district
heating networks. The proposed methodology seamlessly couples an Enhanced Isolation
Forest for multidimensional anomaly screening, a causal LSTM recurrent neural network
for temporal sequence imputation, and a Bayesian-optimized GRU architecture for rigorous
out-of-sample downstream predictive validation.

The Enhanced Isolation Forest addresses the limitations of conventional isotropic
partitioning by synergistically integrating Loess-based seasonal-trend decomposition (STL),
inverse-variance feature weighting, and Tikhonov-regularized Mahalanobis distance met-
ric traversal. This formulation eliminates 24 h diurnal cyclical masking and accounts
for strong thermodynamic–hydraulic collinearity, enabling the simultaneous detection of
localized transient spikes and coordinated multivariate distortions across temperature,
pressure, and mass flow telemetry. In controlled benchmark evaluations, the fully config-
ured model achieved an F1-score of 94.55% and suppressed the false positive rate to 2.45%,
demonstrating marked screening superiority over standard isolation trees.

In sequence reconstruction, the engineered LSTM imputation framework enforces
strict temporal causality by operating solely over antecedent observation windows, thereby
completely eliminating future-data leakage. By capturing non-linear thermal inertia and
transmission lags while algebraically recovering primary mass flow via thermal energy
balance, the model preserves cross-parameter thermodynamic equilibrium. Across baseline
validation sequences, the model achieved normalized mean squared errors of 0.1196 for
block-wise voids and 0.1104 for single-point dropouts, substantially outperforming classical
Lagrange interpolation.

Downstream out-of-sample deployment on field SCADA telemetry (N = 2904) con-
firmed that upstream data enhancement directly translates into critical predictive gains.
Integrating the refined telemetry into the Bayesian-optimized GRU forecasting model re-
solved severe trajectory divergence during high-demand peak intervals, reducing the root
mean squared error from 174.75 to 56.36 kWh/h (a 67.75% relative improvement), decreas-
ing the mean absolute percentage error from 12.17% to 4.05% (a 66.72% relative reduction),
contracting error variance from 30,538.13 to 3240.7, and yielding a high goodness-of-fit
of R2 = 0.9917. Sensitivity analyses further confirmed model stability across continuous
telemetry dropouts within 24 h and missing data ratios below 15%.

Future investigations will focus on reducing the quadratic computational overhead
associated with regularized covariance inversions during city-scale multi-substation scaling,
resolving the 23 h cold-start lookback dependency, and coupling physics-informed neural
networks (PINNs) with hydrodynamic pipe-network formulations to maintain robust state
reconstruction under prolonged communication outages exceeding 48 h or missing ratios
surpassing 20%.
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