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Abstract 

Predictive control studies often report forecasting or optimization algorithms in isolation, whereas 
deployment requires a software suite that coordinates telemetry ingestion, data-quality control, forecasting, 
optimization, monitoring, and model lifecycle management. This paper presents a modular software suite 
for predictive control of energy consumption systems and analyzes it as a reproducible data-to-decision 
workĚow. The suite is organized around six interacting layers: the physical object, telemetry and 
preprocessing, the forecasting service, the optimization and supervisory decision service, monitoring, and 
lifecycle support. An implementation is demonstrated on an indoor ice rink refrigeration system, where a 
control-oriented state model and a nonlinear predictive optimizer are embedded as service components. The 
paper formalizes functional, operational, and reproducibility requirements, describes the architecture and 
orchestration logic, and reports runtime and traceability results for the full execution cycle. In the case study, 
the mean full cycle time is 0.0311 s and the maximum time is 0.1064 s for a 5 min supervisory interval, leaving 
a reserve above 2800×. The suite also records model versions, conęguration manifests, runtime logs, and 
monitoring indicators that support retraining and release management. 

Keywords: predictive control; software suite; energy management; telemetry processing; nonlinear model 
predictive control; monitoring; reproducible workĚow; industrial AI 

 

1. Introduction 

Research on predictive control for energy systems has produced a large body of forecasting models, 
optimization formulations, and digital-control experiments. The practical barrier to deployment, however, 
is often not the absence of another algorithmic improvement, but the absence of a software system that 
connects telemetry, data preparation, forecasting, optimization, supervisory output, and maintenance 
within one reproducible workĚow. This shift from isolated model quality to executable data-to-decision 
pipelines and lifecycle-managed operation is increasingly visible in industrial artięcial intelligence, 
building-control delivery, digital twins, and reproducible control benchmarking [1,2,3,4,5].  

The same trend is evident in the cyber-physical systems literature. Studies on intelligent cyber-
physical systems, modular testing frameworks, highly available service-based deployments, microservice 
practices, event-driven orchestration, and continuous delivery show that advanced analytics become 
operationally useful only when embedded in modular and monitorable software environments 
[6,7,8,9,10,11,12]. For predictive energy control, this observation is decisive: a forecasting model and a 
constrained optimizer may each be technically sound while their combination remains undeployable if 
data-quality checks, synchronization logic, artifact tracking, and fallback behavior are not formalized at the 
system level. 
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An additional challenge arises from lifecycle management. In industrial time-series applications, the 
predictive core does not remain valid indeęnitely. Operating regimes change, disturbance distributions 
shift, and delayed feedback reveals forecast or control degradation after the fact. Accordingly, MLOps 
architectures, industrial lifecycle studies, drift-monitoring surveys, scalable telemetry pipelines, and 
continuous data-delivery models have increasingly treated monitoring, retraining, and artifact lineage as 
ęrst-class architectural concerns rather than auxiliary engineering tasks [13,14,15,16,17,18,19,20,21]. In the 
context of predictive control, this means that a deployable system must preserve not only a control cycle, 
but also a controlled release cycle for the model and its conęguration. 

Energy-system applications provide a particularly relevant seĴing for this problem. Digital-twin 
studies in energy management and platform-oriented building control show that the value of a predictive 
model depends on how it is embedded into the surrounding software infrastructure, including telemetry 
alignment, optimization invocation, and service interoperability [5,22,23,24]. Reviews of model predictive 
control in buildings make the same point from a control perspective: prediction, optimization, constraints, 
and operational timing have to be treated jointly if the resulting system is to move beyond oĝine 
experimentation [25]. 

The present paper addresses this gap by describing a software suite for predictive control of energy 
consumption systems and by analyzing it as a modular, reproducible, and computationally feasible 
software system. The case study is an indoor ice rink refrigeration system. The forecasting and optimization 
cores are treated as integrated algorithmic services within the suite rather than as the main subject of the 
article. The central contribution lies in the software-system layer: the formalized requirements, the service 
architecture, the orchestration logic, the monitoring and lifecycle loop, and the runtime evidence for quasi-
real-time use. 

The contributions of the paper are fourfold. First, functional, operational, and reproducibility 
requirements are formulated for a predictive-control software suite that must work on streaming telemetry 
and produce supervisory actions under strict temporal causality. Second, a modular architecture is 
developed that separates telemetry ingestion, forecasting, optimization, monitoring, and lifecycle support 
while preserving a single end-to-end execution chain. Third, the implementation logic is presented as a 
reproducible data-to-decision workĚow with explicit artifact storage, service contracts, and release 
management. Fourth, the suite is exercised on an operational ice rink refrigeration system, and its runtime 
characteristics, monitoring outputs, and traceability properties are reported. The resulting contribution is 
a modular software suite with explicit orchestration, artifact traceability, lifecycle management, and 
deployable supervisory execution. 

The remainder of the paper is organized as follows. Section 2 formalizes the design requirements for 
the software suite. Section 3 presents the architecture of the suite. Section 4 describes the implementation 
logic. Section 5 introduces the case study and the integrated algorithmic services. Section 6 reports end-to-
end execution, runtime, monitoring, and reproducibility results. Section 7 discusses the scientięc position 
and the limitations of the software-system contribution. Section 8 concludes the paper. 

 

2. Design Requirements for the Software Suite 

2.1. Functional Requirements 

The software suite is intended to support predictive supervisory control of an energy system operating 
on continuously updated telemetry. This objective implies a functional scope broader than that of a 
standalone model server or an oĝine optimizer. At minimum, the suite must receive raw measurements, 
align them on the operational time axis, validate them against basic plausibility rules, transform them into 
a feature-ready state description, build a multi-step state forecast, solve a constrained supervisory decision 
problem, emit a setpoint recommendation, and record the full cycle for later inspection. 

This functional decomposition has two implications. First, prediction and control cannot be 
represented as isolated modules that exchange only ęnal numeric arrays. They must be embedded in a 
broader execution context that controls the origin, quality, and timing of the data consumed by both 
services. Second, monitoring and lifecycle support are not optional additions. Once the output of the suite 



aěects a supervisory decision, runtime behavior, model validity, and conęguration consistency become 
part of the result that the software system must produce. 

In the implemented suite, these functional requirements are operationalized through an explicit 
module decomposition, typed runtime objects, and persistent storage of the intermediate artifacts 
exchanged between telemetry, forecasting, optimization, monitoring, and release-management services. 

2.2. Operational Requirements 

The suite must also satisfy operational requirements that do not follow automatically from algorithmic 
correctness. The execution cycle must be temporally causal, because the forecasting and optimization 
services are evaluated under the same information paĴern that would be available at decision time. The 
cycle must remain computationally feasible within the supervisory update interval. The suite must handle 
missing or delayed measurements without silently contaminating downstream calculations. It must expose 
safeguard logic for infeasible or numerically unstable optimization runs. Finally, it must preserve enough 
modularity to update the predictive core, the optimization seĴings, or the telemetry mapping without 
rewriting the entire system. 

The case study concerns a thermal-energy object with an upper-level supervisory update interval of 
ęve minutes. Under such conditions, even a numerically accurate controller is not deployable if its 
execution time, error-handling strategy, or conęguration management remain opaque. The architecture 
therefore has to be designed for repeated execution under ęxed timing and traceability constraints rather 
than for one-oě numerical demonstrations. 

These operational requirements are enforced by cycle scheduling, freshness and completeness checks 
on the telemetry window, safeguard logic for non-nominal optimization runs, and proęled execution stages 
whose runtime can be compared directly with the supervisory interval. 

2.3. Reproducibility and Lifecycle Requirements 

The third requirement block concerns reproducibility and lifecycle control. Each execution cycle must 
be aĴributable to a concrete telemetry window, a concrete released model bundle, a concrete control 
conęguration, and a concrete runtime log. This condition is needed both for scientięc repeatability and for 
operational diagnostics. Without it, it is impossible to reconstruct why a given setpoint was produced, 
whether it was computed under the expected model release, and whether runtime anomalies or degraded 
data quality inĚuenced the result. 

In addition, the suite must support a controlled transition from one released model bundle to another. 
Telemetry archives, historical decision logs, delayed quality indicators, and conęguration manifests must 
therefore be structured as lifecycle inputs rather than as unrelated auxiliary ęles. This requirement 
distinguishes a software suite from a collection of scripts. The former preserves operational continuity 
while allowing retraining, re-identięcation, validation, and release update; the laĴer does not. 

These requirements are enforced through released bundles, immutable manifests aĴached to each 
completed cycle, and persistent records that bind the active forecasting bundle, control conęguration, 
runtime summary, and monitoring outputs to each emiĴed supervisory decision. 

Table 1 summarizes the design requirements adopted in the present study. Together, these 
requirements deęne the software-system problem addressed by the article. The suite is expected to execute 
one control cycle reliably, but it is also expected to preserve the conditions under which future cycles, 
updated releases, and retrospective analyses remain reproducible. 

 

Table 1. Design requirements for the predictive control software suite. 

Requirement group Requirement Operational role 

Functional scope 

Telemetry ingestion, preprocessing, 
forecasting, optimization, 
monitoring, lifecycle management 

Ensures that the suite covers the full path 
from incoming measurements to supervisory 
decision and subsequent maintenance 
actions. 



Temporal causality 
Strict use of historically available 
observations at each execution time 

Prevents leakage of future information into 
both prediction and control decisions. 

Service modularity 

Separation of data, forecasting, 
optimization, monitoring, and 
release-management components 

Allows the forecasting and optimization 
cores to be replaced or updated without 
redesigning the full system. 

Constraint awareness 

Explicit support for operational 
bounds, safeguards, and fallback 
logic 

Keeps generated setpoints admissible in the 
supervisory layer and limits unsafe or 
nonconvergent decisions. 

Runtime feasibility 

Stable end-to-end execution within 
the 5 min supervisory update 
interval 

Makes repeated quasi-real-time operation 
possible instead of limiting the suite to oĝine 
experiments. 

Reproducibility 

Persistent storage of data windows, 
model versions, conęguration 
manifests, and runtime logs 

Makes each reported execution cycle 
traceable and repeatable. 

Lifecycle support 
Monitoring of quality degradation 
and controlled release of updated 
model packages 

Connects operational use with retraining, re-
identięcation, and validation. 

3. Architecture of the Software Suite 

3.1. Overall Architecture 

The software suite is organized as a modular architecture with six interacting layers: the physical 
object, the telemetry and preprocessing layer, the forecasting service, the optimization and supervisory 
decision service, the monitoring layer, and lifecycle support. The overall architecture is shown in Figure 1. 
The suite does not treat these layers as a linear chain of scripts. Instead, it organizes them as a closed loop 
in which operational execution, monitoring, and release update are explicitly connected. 



 

Figure 1. Overall architecture of the predictive control software suite. 

The architecture can be expressed as the following composition of mappings: ࣞraw →అdata ࣞfeat →ℱഇ ܺ̂௧+1:௧+ு →ࣩctrl ∗௧ݑ →అlog ℛ௧, (1) 

where ࣞraw denotes incoming raw telemetry, ߖdata is the telemetry-ingestion and preprocessing layer, ℱఏ is the released forecasting service, ܺ̂௧+1:௧+ு is the predicted state trajectory on the supervisory horizon, ࣩctrl is the constrained optimization service, ݑ௧∗ is the recommended supervisory output, and ߖlog maps the 
completed cycle to a runtime and artifact record ℛ௧. 

Equation (1) is intentionally simple. Its role is not to reproduce the full mathematics of the predictive 
model or the optimizer, but to formalize the boundary of the software system studied in this paper. The 
architecture is therefore deęned by the composition of service-level mappings rather than by the internals 
of a single algorithmic core. 

3.2. Telemetry Ingestion and Preprocessing Layer 

The telemetry layer transforms raw measurements into a synchronized, quality-controlled, and 
feature-ready representation. This layer enforces temporal alignment, signal selection, plausibility checks, 
and formation of the historical window consumed by the forecasting service. It also stores intermediate 
artifacts required for traceability, including the synchronized minute-level table and the results of quality 
checks. 



This layer plays a dual role. Operationally, it provides a consistent input to the forecasting and 
optimization services. Scientięcally, it preserves the exact data context of each reported execution cycle. 
For predictive control, these two roles are inseparable. If the time policy or the signal-alignment logic 
changes silently between training, validation, and online inference, then neither runtime analysis nor 
control evaluation remains interpretable. 

3.3. Forecasting Service 

The forecasting service receives the prepared history window together with the admissible future 
supervisory candidate needed by the control problem. It returns a multi-step state trajectory on the control 
horizon. In the present suite, the forecasting core is a control-oriented state model released as a service 
bundle rather than as a bare weight ęle. The service bundle includes the model parameters, the 
preprocessing conęguration, and the release metadata used to identify the exact predictive core active 
during a decision cycle. 

This service-oriented representation is important for two reasons. First, it decouples the predictive 
core from the surrounding orchestration logic. Second, it allows the predictive model to be replaced or 
updated through a controlled release mechanism without redesigning the telemetry or optimization layers. 
The forecasting service is therefore a software interface with versioned inputs and outputs, not merely an 
algorithm invoked by an experimental notebook. 

3.4. Optimization and Control Decision Service 

The optimization service consumes the forecasting-service interface, evaluates the control objective 
under operational bounds, and produces a supervisory setpoint recommendation. In architectural terms, 
it is a constrained decision service rather than a mathematical appendix to the predictive model. It must 
therefore expose not only the recommended value, but also the solver status, the runtime statistics, and the 
safeguard state associated with the decision. 

This design prevents a common failure mode of research prototypes: a nominally successful 
optimization routine that cannot be diagnosed when it slows down, fails, or produces an inadmissible 
output. In the present suite, the optimization stage is treated as a service that participates fully in logging, 
monitoring, and lifecycle management. 

3.5. Monitoring, Diagnostics, and Lifecycle Management 

The monitoring layer receives forecasts, supervisory outputs, runtime traces, and delayed realized 
measurements. It aggregates these signals into key performance indicators, event Ěags, and maintenance 
cues. The lifecycle layer uses those outputs together with the accumulated telemetry archive to decide 
whether retraining, re-identięcation, or release validation is required. 

This structure links immediate operational observability with longer-horizon model maintenance. The 
suite therefore does not reduce monitoring to a dashboard. Monitoring is part of the control system itself 
because it generates the conditions under which the next valid model release can be prepared and audited. 
Figure 5 shows the lifecycle loop implemented in the suite. 

 

3.6. Artifact Storage and Reproducibility Support 

Artifact storage is treated as an independent architectural component. It persists data windows, model 
bundles, control conęgurations, runtime records, and release manifests. This persistence layer allows a 
completed cycle to be reconstructed post hoc and enables controlled comparison between released versions 
of the forecasting and optimization services. 

Table 2 summarizes the main modules, their interfaces, and the artifacts stored by the suite. The table 
also makes the central architectural distinction of the paper explicit. The suite is not deęned only by what 
it computes during one cycle, but also by what it stores and exposes for later verięcation, diagnosis, and 
controlled release updates. 

Table 2. Modules of the software suite, their interfaces, and stored artifacts. 

Module Main inputs Main outputs Stored artifacts 



Telemetry ingestion 
and preprocessing 

Raw telemetry 
stream, signal 
mapping, time policy 

Synchronized minute-
level table, feature-
ready history 
windows, quality-
control Ěags 

Data snapshots, 
preprocessing conęguration, 
quality-control reports 

Forecasting service 

Historical window, 
admissible future 
control candidate, 
released model 
bundle 

Multi-step state 
trajectory on the 
prediction horizon 

Model weights, inference 
conęguration, forecast 
records 

Optimization and 
control decision 
service 

Forecasting service 
handle, control 
bounds, objective 
conęguration 

Recommended 
supervisory setpoint, 
solver status, 
optimization trace 

Controller conęguration, 
runtime proęle, solution 
trace 

Monitoring and 
diagnostics 

Forecasts, decisions, 
realized delayed 
measurements, 
runtime signals 

Key performance 
indicators, warnings, 
maintenance events 

Runtime logs, monitoring 
summaries, incident history 

Lifecycle 
management 

Accumulated 
telemetry archive, 
decision log, released 
bundle metadata 

Updated model 
package, validation 
report, release 
manifest 

Release notes, parameter 
manifests, retraining history 

Table 3 makes the runtime contracts of the implemented architecture explicit. The software suite is 
therefore deęned not only by module names, but also by the typed objects exchanged between services, 
the mandatory metadata aĴached to these objects, the admissible failure modes, and the artifacts persisted 
after each stage. 

Table 3. Service contracts and runtime entities of the implemented software suite. 

Componen
t 

Input object 
Output 
object 

Mandatory metadata 
Failure 
mode 

Stored 
artifact 

Telemetry 
acquisition 

Raw measurement 
slice 

Time-
stamped 
telemetry 
window 

Window end time, 
source identięer, 
freshness Ěag 

Missing or 
stale 
telemetry 
window 

Telemetry 
snapshot 

Preprocessi
ng layer 

Telemetry window, 
signal mapping, 
alignment policy 

Aligned 
history 
representatio
n, quality 
Ěags 

Mapping version, 
alignment policy 
identięer, missingness 
summary 

Schema 
mismatch or 
failed 
plausibility 
check 

Minute-
level table, 
quality 
report 

Forecasting 
service 

Aligned history, 
released forecasting 
bundle, candidate 
control trajectory 

Multi-step 
state 
trajectory 

Bundle version, 
inference timestamp, 
horizon identięer 

Bundle 
unavailable 
or inference 
exception 

Forecast 
record 

Optimizati
on service 

Forecast trajectory, 
controller 
conęguration, 
control bounds 

Supervisory 
candidate, 
solver trace 

Conęguration hash, 
solver status, runtime 
summary 

Infeasible 
search or 
non-
successful 
nominal 
termination 

Solution 
trace, 
runtime 
record 



Safeguard 
layer 

Supervisory 
candidate, previous 
admissible setpoint, 
warning state 

EmiĴed 
supervisory 
record 

Warning Ěags, fallback 
reason, emission 
timestamp 

Candidate 
rejected by 
safeguard 
logic 

Decision 
record 

Monitoring 
service 

Runtime record, 
delayed 
observations, 
execution 
anomalies 

Monitoring 
summary, 
maintenance 
cues 

Cycle identięer, 
release identięer, 
monitoring timestamp 

Late or 
incomplete 
delayed 
feedback 

Monitoring 
summary, 
incident 
history 

Release 
registry 

Candidate bundle, 
validation report, 
manifest 

Released 
bundle 
descriptor 

Bundle version, 
validation status, 
changelog 

Failed 
validation or 
incomplete 
manifest 

Release 
manifest 

4. Implementation Logic 

4.1. End-to-End Operational WorkĚow 

The operational workĚow begins with telemetry acquisition and ends with a supervisory setpoint 
together with a recorded execution trace. The sequence is shown in Figure 2. First, raw measurements are 
aligned and validated. Second, the forecasting service constructs a state trajectory over the prediction 
horizon. Third, the optimization service evaluates admissible supervisory candidates and selects the 
setpoint to be emiĴed to the upper control layer. Fourth, the suite stores the resulting forecast, decision 
record, runtime summary, and monitoring signals. 

 
 

Figure 2. End-to-end workĚow from telemetry to supervisory action. 

This workĚow contains both synchronous and asynchronous elements. Telemetry alignment, 
forecasting, optimization, and decision emission belong to the synchronous operational cycle. Monitoring 
aggregation, retrospective quality assessment, retraining preparation, and release validation are 
asynchronous or slower-cycle processes. Their separation is deliberate. It preserves fast operational 
execution without sacrięcing lifecycle control. 

4.2. Orchestration and Scheduling 

The orchestration logic is driven by the supervisory update interval. At each update time, the suite 
builds one causally valid execution window, triggers the forecasting service, invokes the optimization 
service, applies safeguard checks, and records the outcome. If the data layer or the optimization layer 
reports a blocking anomaly, the cycle is annotated accordingly and the suite can retain the last admissible 
supervisory seĴing rather than emit an opaque failure. 

This scheduling model turns the predictive-control problem into a repeated service cycle with ęxed 
temporal boundaries. The beneęt of such a formulation is that runtime feasibility, warning logic, and 



operational continuity become measurable properties of the software system rather than implicit 
assumptions. 

Algorithm 1. Supervisory execution cycle. 
1. Acquire the telemetry window for the current supervisory timestamp. 
2. Validate completeness, freshness, and schema consistency of the acquired measurements. 
3. Build the aligned state and history representation required by the forecasting service. 
4. Load the active released bundle and the associated control conęguration. 
5. Run the forecasting service on the current history representation. 
6. Run the optimization service on the forecast and operational constraints. 
7. Apply safeguard and fallback logic if the nominal optimization result is rejected. 
8. Emit the supervisory setpoint record to the upper control layer. 
9. Persist the forecast, decision trace, runtime record, and release identięers. 
10. Update monitoring outputs and maintenance indicators for the completed cycle. 

 

4.3. Conęguration Management and Release Logic 

Conęguration management is organized around released bundles. A released bundle contains the 
active forecasting model, its preprocessing parameters, the optimization seĴings, and the metadata needed 
to identify the release used in a decision cycle. The transition from one bundle to the next is represented as ௞ࣰ+1 = )ߗ ௞ࣰ, ࣞ௞new, ℛ௞hist), (2) 

where ௞ࣰ is the current released bundle, ࣞ௞new is the newly accumulated telemetry archive, and ℛ௞hist 
is the historical execution and monitoring record. 

Equation (2) formalizes lifecycle support as a controlled software operation. The role of ߗ is to 
encapsulate retraining, re-identięcation, validation, and release issuance without breaking the traceability 
of the already completed operational cycles. This distinction is important because a predictive-control 
deployment cannot be evaluated solely by the quality of its current release; it must also be evaluated by 
the clarity of its release-transition mechanism. 

In the implemented suite, a released bundle includes model weights, preprocessing parameters, signal 
mapping and normalization seĴings, controller bounds, objective weights, horizon seĴings, and a 
validation manifest. Once promoted to an active release, the bundle contents that aěect forecasting and 
supervisory computation remain immutable for all cycles executed under that release. Between releases, 
the model weights, preprocessing parameters, controller seĴings, and validation report may change, 
whereas the release identięer, activation timestamp, and changelog record the transition itself. Validation 
is initiated after an oĝine review of accumulated telemetry, delayed forecast-quality indicators, and 
supervisory execution logs. Promotion of a candidate release is blocked by failed forecast validation, failed 
supervisory validation, schema incompatibility, incomplete manifest metadata, or unresolved anomalies 
in the telemetry-to-feature mapping. 

 

4.4. Interfaces with the Supervisory Layer 

The software suite operates above the local control and actuation level. Its output is a supervisory 
setpoint rather than a direct low-level actuation command. This interface choice keeps the suite compatible 
with existing local stabilization logic and allows deployment as an upper decision layer. It also constrains 
the software-system responsibility: the suite must provide a causally valid, runtime-feasible, and auditable 
supervisory recommendation, while the lower control layer remains responsible for direct execution on the 
physical plant. 

The interface contract therefore includes more than the numeric setpoint itself. The emiĴed record 
must also include the timestamp, the active release identięer, the status of the optimization service, the 
runtime summary, and the warning state. Without this contract, the software system would not provide 
enough information for monitoring, rollback, or post hoc diagnosis. 

Table 4. Supervisory output record schema emiĴed by the software suite. 



Field Example type Role in the supervisory contract 

timestamp UTC or local time stamp 
Identięes the decision instant for the 
emiĴed record. 

cycle_id Structured string 
Links the output to the exact 
execution cycle and runtime log. 

release_id Bundle identięer 
Fixes the active released forecasting 
bundle used in the cycle. 

conęg_hash Short hexadecimal hash 

Identięes the active control 
conęguration applied by the 
optimizer. 

solver_status success / warning 
Distinguishes nominal solver 
termination from a warning state. 

warning_state none / Ěagged 
Summarizes whether safeguard logic 
or runtime warnings were raised. 

setpoint_c Real-valued scalar 
Contains the supervisory setpoint 
emiĴed to the upper control layer. 

runtime_sec Real-valued scalar 

Records the proęled full-cycle 
runtime associated with the emiĴed 
decision. 

Table 4 summarizes the supervisory output record emiĴed by the suite. The supervisory interface is 
therefore deęned as a structured runtime contract rather than a single scalar command. 

5. Case Study 

5.1. Pilot Object and Available Signals 

The case study concerns an indoor ice rink refrigeration system operated as a thermally inert 
supervisory-control object. The available telemetry includes temperatures in the glycol loop and the slab, 
compressor power, meteorological and indoor environmental measurements, and operating-context 
signals required for forecasting and optimization. The software suite processes these signals at minute 
resolution and issues supervisory updates every 5 min. 

This object is appropriate for the present article because it combines all software-system diĜculties 
that motivate the suite: heterogeneous telemetry, a control-relevant thermal horizon, hard operational 
bounds, and a need for repeated execution under a ęxed time budget. The case study is therefore used to 
test the software architecture under realistic telemetry and supervisory conditions rather than to reopen 
the full algorithmic comparison problem. 

5.2. Algorithmic Services Integrated into the Suite 

The forecasting and optimization cores are treated here as integrated algorithmic services within the 
software suite. Their full mathematical development is reported in companion manuscripts and is not 
repeated here. The forecasting service uses a control-oriented state model released as a reusable service 
bundle. The optimization service uses a receding-horizon nonlinear predictive-control formulation with 
constrained supervisory search. Gradients required by the optimization service are obtained by automatic 
diěerentiation of the forecasting core, and the resulting constrained problem is solved by sequential least-
squares quadratic programming. 

The suite uses a 180 min historical window and a 30 min prediction horizon. The supervisory output 
is parameterized as six 5 min control blocks. These seĴings are not presented here as the primary scientięc 
result. They deęne the operational context within which the software-system layer is evaluated. 

5.3. Evaluation Protocol 

The evaluation protocol follows the execution logic of the suite rather than an isolated algorithmic 
benchmark. The analysis focuses on four aspects: end-to-end execution of the operational workĚow, 
runtime proęle of the service chain, monitoring and maintenance behavior, and reproducibility of 
completed cycles. Runtime measurements are collected for preprocessing, optimization, and the full cycle. 



Monitoring outputs are interpreted in relation to data quality, solver status, delayed forecast quality, and 
maintenance cues. Reproducibility is assessed through the stored artifacts aĴached to each run and each 
release. 

5.4. Computational Environment 

The case study was executed on a Dell PowerEdge R740 server equipped with two Intel Xeon Gold 
6148 processors, corresponding to 40 physical cores and 80 execution threads, 768 GB of RAM, and two 
NVIDIA Tesla V100 accelerators with 32 GB of memory each. The supervisory pipeline did not require 
graphics-processor acceleration. All reported operational runs were executed in a Python-based stack in 
CPU mode, with telemetry handling and preprocessing implemented in standard numerical and table-
processing libraries, the forecasting service implemented in PyTorch, and the supervisory optimizer 
executed through the SciPy implementation of sequential least-squares quadratic programming. The 
installed accelerators were available for auxiliary model-development tasks, but were not required for the 
runtime results reported in Section 6. 

6. Results 

6.1. End-to-End Execution of the Software Suite 

The suite executes a complete data-to-decision cycle at every supervisory update time. One completed 
cycle includes a synchronized telemetry window, a feature-ready history representation, a multi-step 
predicted state trajectory, a recommended supervisory setpoint, a runtime record, and a monitoring record. 
In this sense, the suite produces not only a decision value, but also the computational context that makes 
the decision auditable. 

The workĚow in Figure 2 is therefore not merely a conceptual diagram. It corresponds to the actual 
order of execution in the case study. The telemetry layer prepares the historical input. The forecasting 
service returns the predicted trajectory required by the optimizer. The optimization service produces a 
supervisory setpoint under operational constraints. Monitoring and artifact storage record the resulting 
cycle. This end-to-end behavior is the primary empirical object of the paper. 

The implemented maturity of the suite is heterogeneous and is reported explicitly. The telemetry-
alignment logic, bundle loading, forecasting call, optimization call, supervisory output emission, runtime 
logging, and artifact persistence are fully implemented and proęled in the present case study. Delayed-
quality monitoring, release review, and maintenance reporting are implemented in prototype form through 
the same runtime artifacts and oĝine validation utilities used to prepare updated bundles. Cross-object 
deployment, multi-site orchestration, and automated promotion of releases across several operational 
objects remain architectural extensions rather than experimentally evaluated deployment features. 

6.2. Runtime Proęle and Computational Feasibility 

Computational feasibility is assessed against the 5 min supervisory interval. Table 5 reports the 
runtime proęle of the principal execution stages. Figure 3 shows the distribution of mean, 95th percentile, 
and maximum runtime values by stage, whereas Figure 4 places the maximum optimization and full-cycle 
runtimes directly against the available supervisory time budget. 

Table 5. Runtime proęle of the end-to-end execution cycle. 

Stage Mean, s 95th percentile, s Maximum, s Share of 5 min interval, % 

Preprocessing 0.000002 0.000002 0.000015 0.000005 

Optimization 0.031067 0.052185 0.106362 0.035454 

Full cycle 0.031069 0.052187 0.106364 0.035455 

Table 6. Operational execution metrics of the proęled supervisory panel. 

Metric Value Interpretation 

Executed supervisory cycles 2304 Total number of proęled cycles in the evaluated panel. 
Successful cycles 2304 Cycles that produced an admissible supervisory output record. 



Cycles with solver warnings 113 
Completed cycles with non-successful nominal solver 
termination and accepted safeguarded output. 

Cycles with fallback activation 0 Cycles that required reuse of the previous admissible setpoint. 
Cycles blocked by data-quality 
issue 

0 
Cycles prevented from downstream execution by telemetry-
quality checks. 

Mean preprocessing time, s 0.000002 
Average runtime of telemetry alignment and state-history 
construction. 

Mean optimization time, s 0.031067 Average runtime of constrained supervisory optimization. 

Mean logging overhead, s 

below 
proęler 
resoluti
on 

Persistence overhead remained below the resolution of the 
proęled runtime wrapper. 

 

Figure 3. Runtime proęle of the execution stages. 

 

Figure 4. Use of the supervisory time budget. 

The results show that preprocessing contributes negligibly to the total runtime, whereas the 
optimization stage dominates the cycle. The mean full-cycle runtime is 0.0311 s, the 95th percentile is 
0.0522 s, and the maximum observed runtime is 0.1064 s. This corresponds to only 0.0355% of the 5 min 
supervisory interval. The practical consequence is a reserve above 2800× even at the worst observed cycle. 



The preprocessing stage appears negligible due to vectorized in-memory operations and preloaded data 
structures; its measured runtime is at the lower resolution limit of the proęler. 

Table 6 complements the stage-wise runtime proęle with system-level execution counts. Across 2304 
supervisory cycles, the suite emiĴed an admissible supervisory record in every cycle. A total of 113 cycles 
completed with a solver warning, deęned here as non-successful nominal solver termination combined 
with a safeguarded accepted output. No cycle required fallback reuse of the previous admissible setpoint, 
and no cycle was blocked by telemetry-quality checks in the evaluated panel. The logging overhead 
remained below the resolution of the proęled runtime wrapper and therefore appears as zero in the 
summarized record. 

This runtime condition can be stated formally as ߬cyclemax <  sup, (3)ݐ߂

where ߬cyclemax  is the maximum observed full-cycle runtime and ݐ߂sup is the supervisory update interval. 
In the present case, Equation (3) is satisęed with a wide margin. The software-system result is therefore not 
limited to formal orchestration. It is supported by measured runtime feasibility under repeated execution. 

6.3. Monitoring Outputs and Maintenance Logic 

The monitoring layer produces quality indicators that connect operational execution with 
maintenance decisions. These indicators include data freshness, missingness, preprocessing integrity, 
solver status, runtime excursions, delayed forecast-quality degradation, and distribution shifts in key 
variables. The suite does not treat these signals as passive diagnostics. They are used to decide whether a 
cycle should be annotated, whether safeguard logic should be applied, and whether a release review should 
be scheduled. 

 

Figure 5. Lifecycle loop for continuous reęnement of the software suite. 

Table 7. Monitoring indicators and maintenance triggers implemented in the software suite. 

Indicator Observed layer Trigger logic Resulting action 

Data freshness 
and missingness 

Telemetry 
ingestion 

Delayed or incomplete 
measurement window 

Warning, cycle annotation, or 
fallback to the last admissible 
supervisory value 

Preprocessing 
integrity 

Data service 
Failed alignment, schema mismatch, 
or implausible value range 

Block downstream execution 
and request data review 

Execution latency 
Optimization 
service 

Sustained growth of cycle time or 
solver time 

Runtime warning and 
scheduling review 

Solver status 
Optimization 
service 

Repeated nonconvergence or 
infeasible candidate sequences 

Activate safeguard logic and 
inspect conęguration or model 
version 

Delayed forecast 
quality 

Forecasting 
service 

Systematic deterioration once 
delayed ground truth becomes 
available 

Flag model degradation and 
schedule validation or 
retraining 

Distribution shift 
in key variables 

Monitoring and 
lifecycle layer 

Persistent change in operating 
regime or disturbance distribution 

Trigger release review and 
update preparation 



 

Figure 5 and Table 7 show the connection between operational monitoring and release management. 
The suite maintains a distinction between immediate execution anomalies and slower-cycle model 
maintenance cues. This distinction prevents the operational layer from being overloaded with retraining 
logic while still ensuring that accumulated evidence can trigger controlled release updates. 

The monitored execution panel shows that warning events were sparse relative to the total number of 
completed cycles and were concentrated in cycles with prolonged optimization runs. At the same time, the 
absence of telemetry-quality blocks and fallback activations conęrms that the runtime safeguards were 
structured as preventive controls rather than as frequently triggered emergency routines. The monitoring 
layer therefore serves two functions simultaneously: it annotates the few non-nominal cycles that require 
later inspection and preserves a low-noise evidence base for release review. 

6.4. Reproducibility and Traceability 

The suite aĴaches a reproducibility record to every completed cycle. This record includes the input 
data window, the released forecasting bundle, the active control conęguration, the runtime summary, the 
monitoring summary, and the release manifest associated with the active version. Table 8 summarizes the 
tracked entities. 

Table 8. Reproducibility entities tracked by the software suite. 

Tracked entity Examples Role in reproducibility 

Input data window 

Time-stamped telemetry 
slice, synchronized minute 
table, quality-control Ěags 

Identięes the exact operational 
context of a decision cycle. 

Forecasting bundle 

Model weights, 
preprocessing parameters, 
released metadata 

Fixes the predictive core used 
during inference and 
optimization. 

Control conęguration 

Bounds, penalty weights, 
horizon seĴings, 
safeguard parameters 

Reconstructs the optimization 
conditions that produced a 
given setpoint. 

Runtime log 

Stage durations, solver 
status, warning Ěags, cycle 
identięer 

Makes computational 
feasibility and anomalies 
auditable. 

Monitoring summary 

KPI values, drift-like 
events, delayed quality 
checks 

Connects operational 
performance with maintenance 
decisions. 

Release manifest 
Validation report, bundle 
version, changelog, 
activation time 

Enables controlled rollback, 
comparison of releases, and 
lifecycle traceability. 

Table 9. Example of one reconstructed supervisory cycle. 

Field Value 

cycle_id nmpc_phys_warm@2025-02-02T00:05:00 

timestamp 2025-02-02 00:05:00 

telemetry window 180 min history ending at 2025-02-02 00:05:00 

bundle_version conditioned_phys_0p001.pt 
conęg_hash f4070847a291 

solver_status success 

output setpoint -6.5820 °C 

warning Ěags none 

runtime 0.032867 s 



monitoring summary 
freshness=ok; missingness=0; solver_warning=0; 
fallback=0 

 

This artifact structure makes it possible to reconstruct a completed cycle from recorded telemetry 
context, released software state, and runtime metadata. Table 9 illustrates such a reconstruction for one 
completed supervisory cycle and shows that the telemetry context, active bundle, conęguration hash, 
solver outcome, emiĴed setpoint, warning state, runtime, and monitoring summary can be read back as 
one coherent runtime record. The scientięc implication is that the reported runtime and monitoring results 
are tied to concrete software and data artifacts rather than to undocumented execution conditions. The 
engineering implication is that rollback, comparison of releases, and audit of past decisions remain possible 
without re-running the entire historical workĚow from scratch. 

7. Discussion 

7.1. Software-System Contribution versus Algorithmic Contribution 

The central result of the present work is a software-system contribution rather than a new predictive 
model or a new optimization algorithm. The forecasting and optimization cores are necessary components 
of the suite, but they are not suĜcient to produce a deployable predictive-control workĚow. The software 
contribution lies in the way telemetry preparation, service decomposition, runtime control, monitoring, 
artifact storage, and release management are organized into one executable architecture. 

In data-centric control research, algorithmic novelty and software-system novelty are often conĚated. 
The present study argues that they should be separated analytically. A forecasting or control method can 
be strong in isolation while the surrounding system remains undeployable or unreproducible. Conversely, 
a modular and traceable software suite can transform existing predictive and optimization methods into 
an operationally meaningful workĚow. The case study supports the second type of contribution. 

7.2. Portable and Object-Specięc Parts of the Architecture 

Not all elements of the suite are equally specięc to the ice rink domain. The signal mapping, some 
safeguard rules, the state composition used by the forecasting core, and the operational interpretation of 
the supervisory setpoint are object-specięc. In contrast, the service decomposition, the data-to-decision 
mapping in Equation (1), the lifecycle operator in Equation (2), the runtime condition in Equation (3), the 
artifact structure, and the monitoring logic are portable architectural ideas. 

This separation is important for reuse. The architecture is designed so that another thermal-energy 
system can replace the signal map, the forecasting bundle, and the optimization conęguration while 
preserving the same software-system logic. The case study therefore supports transferability at the 
architectural level even though the present article evaluates only one object. 

7.3. Limitations 

The study has several limitations. First, the reported results concern a single operational object, namely 
an indoor ice rink refrigeration system. Second, the article evaluates the software suite through runtime, 
monitoring, and traceability evidence rather than through a multi-site deployment campaign. Third, the 
lifecycle triggers are operationally meaningful but are not benchmarked here against alternative 
monitoring frameworks or release strategies. Fourth, the forecasting and optimization cores are treated as 
integrated services; their mathematical comparison with alternative algorithms is outside the scope of the 
article. 

These limitations do not diminish the software-system contribution, but they do deęne its current 
boundary. The present paper demonstrates a reproducible and computationally feasible predictive-control 
suite. It does not claim that the same concrete release package is already universally deployable across all 
industrial energy systems. 

8. Conclusions 

This paper presented a software suite for predictive control of energy consumption systems and 
analyzed it as a modular, reproducible, and computationally feasible software system. The suite integrates 



telemetry ingestion, preprocessing, forecasting, optimization, supervisory output generation, monitoring, 
artifact storage, and lifecycle support in one operational workĚow. Its architecture was formalized through 
service-level mappings and a release-update operator, and its execution was demonstrated on an indoor 
ice rink refrigeration system. 

The reported results show that the suite is capable of end-to-end execution with a mean full-cycle 
runtime of 0.0311 s and a maximum runtime of 0.1064 s under a 5 min supervisory interval. The suite also 
records the data, model, conęguration, runtime, and release artifacts required for traceability and 
controlled maintenance. These properties position the software system as a scientięc contribution in its 
own right. The approach can be transferred to other energy systems by replacing the object-specięc signal 
mapping and algorithmic bundles while preserving the same architectural and lifecycle logic. 
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