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Abstract

I was selected for a 12-week CERN Summer Student program. During this time,
I contributed to the BE-ICS-ECS group, working on the PID monitoring project
for CERN’s Cooling and Ventilation (CV) systems. My work focused on developing
a data pipeline to extract, process, analyze and visualise PID performance, with
an emphasis on identifying PIDs that behaves unexpectadly and those operating
outside of defined thresholds. This enabled systematic performance monitoring and
visualization, supporting the reliable operation of CERN’s CV infrastructure.

The system extracts data points (PIDs) from the NXCALS database using
pytimber and Spark, focusing initially on CV-related PIDs with the potential
to scale to a larger set of PIDs. The pipeline leverages hierarchical paths (e.g.,
/CV/LHC/P6/CO0L_SF6/CPC_Controller) together with suffix-based filtering (e.g.,
.MV, .QUTOVST, .ACTSP) to simplify PID extraction and automate the collection of
relevant signals. This approach has made PID data retrieval considerably easier
and more systematic.

Once extracted, the pipeline performs several transformations: cleaning, times-
tamp deduplication, and forward/backward filling of missing values. The processed
data is stored in Parquet format and subsequently analyzed to compute PID-specific
performance metrics, such as the standard deviation of MV-ACTSP differences and
OUTOVST values. The resulting statistics are persisted in CERN’s database on
demand (DBOD) PostgreSQL database, thresholds are maintained for monitoring
purposes, and the outcomes are visualized in Grafana dashboards.

This workflow enables reliable PID performance tracking, simplifies PID extrac-
tion, and provides a foundation for extended monitoring across CERN’s infrastruc-

ture.



1 Introduction

2 Introduction

Previous work has already explored automatic PID performance monitoring in the context
of the LHC cryogenic system [I]. That study demonstrated the benefits of systematically
identifying poorly tuned controllers and highlighted the importance of scalable monitoring
approaches across thousands of regulation loops. Inspired by that methodology, the
current project applies similar principles to the Cooling and Ventilation (CV) systems,
while also building a more flexible data pipeline and visualization framework in Grafana.

Previously, the CV department relied on manually navigating through WinCC OA
or TIMBER to locate relevant PIDs. There were no established metrics to evaluate
PID performance, and all analysis was performed manually. Identifying problem areas
was cumbersome and time-consuming, and only historical data was available, without
contextual performance indicators.

My contribution was to automate this process. I developed a pipeline to extract PIDs
using hierarchical paths, and implemented metrics to analyze PID performance over time.
The project now provides a history of PIDs relative to these metrics. Currently, users
can view the performance of PIDs in relation to selected metrics via a dropdown menu,
simplifying monitoring and analysis. In the Grafana dashboard, users can also explore
the performance of each PID separately, as well as compare multiple PIDs in relation to
each other through time-series visualizations. Additionally, a dedicated table highlights
PIDs operating outside of the specified minimum and maximum thresholds, allowing for

quick identification of underperforming controllers.

3 Project Workflow

The workflow of the PID monitoring project is summarized in Figure [3] It begins with
the main execution script, which extracts variables from the NXCALS database using
pytimber. The variables of interest are filtered to retain only signals relevant for PID
analysis, such as .MV, .0UTOVST, and .ACTSP. The data then undergoes a cleaning stage,

where columns are renamed, duplicate timestamps are removed, and missing values are



filled. The processed data is stored as dataframes for further analysis.

Subsequently, the data is analyzed to compute basic statistics describing PID perfor-
mance. In parallel, threshold values are defined for monitoring purposes. Both the com-
puted statistics and thresholds are written to the DBOD PostgreSQL database, enabling
systematic storage and retrieval. Finally, the results are visualized through Grafana
dashboards, allowing users to monitor PID performance interactively and identify under-
performing controllers.

Examples of the processed data stored in the DBOD PostgreSQL database are shown
in Figures [T and 2] This table illustrates how PID identifiers, metrics, and threshold

values are systematically organized for monitoring and retrieval.

metric e timestamp

Figure 1: Example of processed PID data stored in the DBOD PostgreSQL database.

min_value

Figure 2: Example of thresholds for PIDs stored in the DBOD PostgreSQL database.



The following flowchart illustrates the overall workflow of the PID monitoring pipeline:

e The pipeline is divided into two main parts:

— Data Extraction Pipeline

— Data Analysis Pipeline
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Figure 3: Code flow of the PID monitoring pipeline.



The project workflow can be summarized in three main stages as shown in Figure [4
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Figure 4: Project workflow of the PID monitoring pipeline.

4 Results

The monitoring pipeline provides clear visibility into PID performance through tabular
and graphical visualizations. Figure |5 shows an example of out-of-range PIDs, where
calculated statistics are compared against pre-defined thresholds. The table highlights
PIDs that are either above or below their expected operating range, allowing users to

quickly identify potential problems.



pids = All ~ metric | std_OUTOVST ~

Out-of-range-pids

pid_name metric status min_value EVE'EINT timestamp

UAUTO1630_TCO1 std_OUTOVST below 15 . 22/08/2025, 18:18:59.000
UAUTO01630_TCO2 std_OUTOVST below : 22/08/2025, 18:18:59.000
UAUTO01631_TCO1 std_OUTOVST .2 below : 22/08/2025, 18:18:59.000
UAUTO01631_TCO02 std_ OUTOVST % below . 22/08/2025, 18:18:59.000
UAVP_TCO01.620 std_OUTOVST below - 22/08/2025, 18:18:59.000

UAVP_TC02_620 std_OUTOVST . above . 22/08/2025, 18:18:59.000

Figure 5: Example of out-of-range PIDs detected by the monitoring pipeline.

In addition to the tabular output, time-series plots provide a clearer view of PID
behavior over time. Figure [f] illustrates the evolution of PID statistics across multiple
controllers, making it easier to spot anomalies, long-term drifts, or sudden deviations.
These diagrams reflect PID behavior dynamically, updating every day to display the
most recent performance. Users can interact with the visualization to see up-to-date PID
behavior and compare it relative to different performance metrics. Currently, the system
tracks two key metrics: the standard deviation of OUTOVST (std (OUTOVST) ) and the stan-
dard deviation of the difference between measured value and setpoint (std (MV-ACTSP)).
In the future, additional metrics can be incorporated to provide a more comprehensive

view of PID performance.

All-pids

Figure 6: Time-series visualization of PID statistics across different controllers.

Finally, a diagram of a single PID controller is shown in Figure [7| to illustrate the

basic setup of one monitored PID. This diagram also updates dynamically and allows



users to see the real-time behavior of the PID.
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Figure 7: Single PID controller diagram.

5 Limitations

During the development of the monitoring system, several limitations were identified:

5.1 Grafana Visualization Constraints

Grafana has a significant limitation where the min and max thresholds in visualizations
cannot be variables and must be hard-coded. This constraint meant that threshold
values had to be specified as data points and plotted directly on the graph rather than
being configured as axis bounds. This workaround was necessary to visualize threshold

boundaries effectively but represents a suboptimal solution.

5.2 Missing Data Issues

Several controllers exhibited missing data values that impacted the analysis. For example,
the UAUKO01603_TCO02 controller was missing ACTSP (Actual Setpoint) values, as shown
in Figure [§ This missing data prevented the calculation of certain metrics and limited

the completeness of the performance analysis for these controllers.



21.6- 22:00:00 28.6 30BOMEM00:00 7.7 - 22:00:00 147 - 22:00:00  21.7 - 22:00:00 287 - 2300:622:00:00 [EAEERIERTIGEEEERTEP:00:00  21.8 - 22:00:0(

Timestamp (UTC time;

0

@ UAUKD1626_TCO2.ACTSP @ UAUKO1626_TCO2.MV ® UAUK01626_TC02.0UTOVST

Figure 8: Example of missing ACTSP value for UAUK01603_TC02 controller.

6 Future Work

In future work, the plan is to extend the system by including historical data alongside
the performance metrics, providing a more complete view of PID behavior over time.
Currently, the pipeline queries, analyzes, and visualizes around 216 variables, all of which
correspond to CV (Cooling and Ventilation) data points. In the future, this scope will
be broadened to include additional data points beyond CV, enabling wider applicability
of the monitoring framework. More performance metrics could also be added, and the
visualization layer further improved by incorporating graphs that are more relevant for
specific use cases. Furthermore, the Grafana interface will leverage hierarchies, allowing
users to select PIDs directly from a structured dropdown menu, removing the need to
manually navigate through multiple hierarchies.

Additional future enhancements include:

Connecting to the WinCC OA Oracle database to visualize the data points of the

controllers themselves alongside the metrics

Expanding to include more controllers from different systems

Adding new performance metrics for comprehensive analysis

Enhancing Grafana features with hierarchical selection /filtering capabilities



e Implementing better handling of missing data and anomalous controller behavior
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