
Nostra Culpa, we did it.

But why was there a bottleneck in the first place? And how did it 
happen? Well …

There are many methods to analyze microplastics, but some 
carry more of the workload than others. IR imaging, for 
instance, has been one of the powerhouses and driving forces of 
microplastics analysis for the last decade.

With IR imaging, microparticles are not only characterized by size 
and shape but also by their chemical makeup. This enables you to 
obtain valuable information regarding their origin, characteristics, 
and impact.

Countless publications have analyzed contamination in the air 
we breathe, the water we drink, and the soil we grow our food 
in using IR imaging. This research, besides requiring expert 
knowledge for sample preparation, shares one common  
ingredient: time.

Because analyzing whole filters by IR imaging requires a lot 
of time. One part is the measurement itself, but this can and 
has been automated. The remaining bottleneck came from the 
immensely large datasets produced.

We’re talking terabytes of data for a single publication.

The sheer size alone has a massive impact on computer 
hardware, and the algorithms used since 2015 are not equipped 
to reliably and quickly analyze this enormous data treasure.

However, developments over the last three years have brought a 
new approach to data analysis.

It might sound like a buzzword from meeting rooms or marketing 
documents, but AI, when applied by experts and trained by 
professionals, is an immensely powerful ally for data analysis  
and streamlining.

This year, Bruker has launched “MPID”, the 
MicroPlasticsIDentifier, a software tool for accurate, efficient, 
and regulation-aligned microplastic analysis using IR imaging and 
artificial intelligence.

How does it work? The exact mechanism is explained in detail 
in our product note (downloadable at the end of this article), but 
here’s the abridged version:

The MPID classification pipeline processes hyperspectral  
images through a series of automated steps and deep neural 
network classification.

Sounds complicated, but actually, it is indeed quite an  
easy concept.

Hyperspectral images are what we call the IR data collected 
during IR imaging. Each pixel in such an image is directly linked to 
an IR spectrum.

The algorithm examines every spectrum in every pixel and 
classifies it according to a defined ruleset:

•	 First, each spectrum undergoes spectral standardization.

•	 Then, a neural network determines the presence of  
relevant material by distinguishing foreground pixels from  
the background.

•	 Next, a second algorithm classifies each foreground pixel into a 
polymer class (e.g., ABS, PE, PET, you name it).

•	 Finally, each pixel is labeled based on surrounding spatial 
context, creating smooth and continuous chemical maps of 
the measured microplastics.

WE BROKE THE BOTTLENECK  
OF MICROPLASTICS ANALYSIS

Figure 1: IR imaging analysis of a microplastics sample, including bar chart showing particle statistics.

AIR MONITORING

30 | IET NOVEMBER/DECEMBER 2025 | ENVIROTECH-ONLINE.COM

35
YEARS

publishing 
for over

35
YEARS

publishing 
for over

35
YEARS

publishing 
for over

35
YEARS

publishing 
for over

35
YEARS

publishing 
for over



 Dr. rer. nat. Simon Hugo Schlindwein

Application Expert – Bruker Optics  

Email: marketing-bopt.de@bruker.com  

Web: www.bruker.com 

Let me be clear: This is not a black box.

This is a software tool that helps experts see clearer, faster.

Now IR imaging devices can run on auto, acquiring data  
24/7, and users can finally keep up with the data, breaking it  
down into results in minutes and tackling the growing 
microplastics problem.

That’s how and why we broke the bottleneck.

By eliminating manual evaluation and external processing, MPID 
accelerates time-to-result and ensures consistency across large-
scale studies.

Want to learn more? Download our Product Note.

Questions? Contact us 

Figure 2: List of particles found and their identity, shape, and size acquired by MPID.

READ, SHARE or COMMENT  
on this article at:  

envirotech-online.com/article
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Continuous Emission Monitoring Systems (CEMS) were 
originally designed to meet regulatory reporting requirements. 

In a typical stack monitoring installation a gas sample is 
extracted, conditioned and analysed, and the results are 
sent to a data acquisition and handling system (DAHS). 

The DAHS performs real‑time calculations, error checks and 
automatic calibration, and it can send alarms when faults occur. 

Modern CEMS also use standard communications protocols (e.g., 
MODBUS, RS485 or 4G/5G) to transmit data to regulatory authorities.

As emission limits tighten and operators search for efficiency 
gains, the industry is exploring ways to make monitoring 
systems more intelligent. 

Instead of simply reporting pollutant concentrations, 
software‑driven CEMS use machine‑learning models to detect 
equipment problems, predict future emissions and guide operators. 

These systems promise to transform compliance into an operational 
asset by turning continuous data into actionable insights.

Predictive emissions monitoring (PEMS)

Much of the excitement around intelligent CEMS comes from 
the predictive emissions monitoring system (PEMS). 

PEMS eliminates much of the traditional sampling hardware 
by learning a mathematical relationship between process 
variables (such as fuel flow, load, operating pressure and 
ambient temperature) and stack emissions. 

Because it relies on thermodynamic equations, statistical 
regression and machine‑learning algorithms, PEMS can 
estimate emissions in real time. 

A recent literature review notes that PEMS can reduce capital 
costs by 50% and operational costs by 90% compared with 
hardware‑based CEMS while ensuring continuous data availability. 

Machine‑learning methods such as long short‑term memory 
networks, temporal convolution networks and stacked models 
have been identified as promising techniques for improving 
PEMS accuracy.

PEMS is also valued as a backup for conventional CEMS. 
ABB’s inferential modelling system uses neural networks, 
genetic algorithms and linear regression to build models that 
estimate emissions from real‑time process data. 

The software can identify the key variables that cause 
emissions, automatically validate sensors, reconstruct 
emission levels when a hardware device fails, and complement 
process‑optimisation strategies. 

Because PEMS predicts emissions in advance, plant engineers 
can adjust operations to avoid violations. Some European 
regulators now encourage software‑based redundancy 
systems and several U.S. states allow AI‑based PEMS as an 
alternative monitoring technique.

AI‑enhanced monitoring and diagnostics

Software CEM platforms extend the PEMS concept by integrating 
customizable analytics built by process‑modelling experts. 

A 2025 Manufacturing Dive article explains that the software 
compares real‑time data to forecasted models; when a 
deviation occurs, it automatically alerts plant personnel and 
enables them to correct the problem before it escalates. 

The article emphasises that software CEMs can monitor 
plant conditions like model drift or equipment failure, catch 
problems early and maximise the return on emissions 
monitoring investments. 

Because many manufacturers lack data‑science talent, 
software CEM providers supply ready‑to‑use analytics and 
remote diagnostics so users can analyse and troubleshoot 

facilities hundreds of miles away without hiring specialists. 

Examples include models that track ammonia distribution in 
selective catalytic reduction units and oxygen levels in combustion 
systems; the software flags deviations, alerting operators when 
sensors drift or combustion becomes imbalanced.

Machine‑learning is also appearing in more  
traditional CEMS hardware. 

NTT Data’s 2024 blog argues that advanced emission 
monitoring systems “harness the power of artificial 
intelligence, machine learning and predictive analytics” to 
continuously collect data and identify trends. 

By spotting patterns and anomalies, AI‑based systems 
provide insights for real‑time decision making and guide 
manufacturers toward sustainability goals. NTT Data identifies 
several benefits of AI/ML‑based monitoring, including:

Accuracy: real‑time data and predictive analytics improve 
measurement precision.

Proactive maintenance: early detection of anomalies reduces 
downtime and unplanned interventions.

Regulatory compliance: continuous data collection simplifies 
environmental reporting and reduces the risk of penalties.

Improved process safety: detecting hazards and anomalies in 
real time leads to prompt intervention.

User‑friendly interfaces and remote accessibility: many 
AI‑enhanced systems provide easy navigation and remote access 
to data, supporting decision makers across distributed sites.

These features point toward a future in which intelligent CEMS 
act almost like process advisors—monitoring emissions, 
diagnosing issues and recommending corrective actions.

Read the full story online: ilmt.co/TL/qBXG

SHOULD WE BE BETTING ON INTELLIGENT CEMS?

TALKING POINT
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