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 a b s t r a c t

The integration of hyperspectral imaging into industrial sorting systems has enabled high-precision classification 
of materials with similar visual characteristics but different chemical compositions. However, the real-time pro-
cessing demands of HSI data acquisition, characterised by high spectral and spatial resolution, require advanced 
computational strategies. This paper presents a scalable and efficient software architecture designed for real-time 
hyperspectral analysis in automated material sorting lines. The architecture exploits heterogeneous and homo-
geneous parallelism to distribute pre-processing, classification and segmentation tasks across multiple threads 
and processing cores. Two classification methods, based on Spectral Angle Mapper and Artificial Neural Net-
works, are developed and evaluated, both show high accuracy in material identification, but they impact system 
scalability in different ways. Extensive performance tests show that the proposed framework meets strict timing 
constraints and maintains low-latency operation on standard multi-core CPU systems. The modular design of 
the system ensures adaptability to different hardware configurations and material types, supporting future scal-
ability and integration into diverse industrial environments. The real-time constraint imposed by the camera’s 
maximum frame rate is 1.493𝑚𝑠. Thanks to the optimisations applied, the critical processes, pre-processing and 
classification, have been reduced to just over 30𝜇𝑠 each, consuming only about 5% of the available time and 
leaving almost 95% free for additional operations or performance enhancements. This results in a system that 
is scalable both from a computational perspective and in terms of increasing the overall performance of the 
industrial plant.

1.  Introduction and motivation

Currently, there is a growing concern in different productive sectors 
about environmental sustainability, which is driving the shift towards 
what is known as the circular economy. At the heart of this transforma-
tion lies the problem of waste accumulation from many types of mate-
rials, such as plastics and textiles, presenting a challenge that demands 
innovative solutions for effective waste recovery and reuse.

Beyond material sorting, hyperspectral imaging has been employed 
in diverse environmental and sustainability-related applications, includ-
ing air pollution monitoring [1], soil microplastic detection [2], harm-
ful algal bloom mapping [3], smart city sustainability initiatives [4], 
as well as precision agriculture, medical diagnostics, and food quality 
assessment [5], demonstrating its versatility across multiple real-world 
domains.

Sorting waste is a fundamental step before disposal, as it enables the 
recovery of high-value, high-purity secondary raw materials through re-
cycling. A variety of technologies are employed at this stage, including 
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magnetic and air separation, screening, X-rays, induction systems, ther-
mal imaging, and vision-based methods.

Recent studies have explored the use of digital image-based classi-
fication for municipal waste [6–12]. However, these methods are often 
limited when objects of similar appearance differ in chemical compo-
sition. Even advanced AI models require retraining for new materials, 
formats or textures, and are unable to distinguish spectrally similar ob-
jects when based on the visible spectrum alone.

Sorting waste by chemical composition requires more information 
than traditional vision systems can provide. Hyperspectral imaging 
(HSI), which combines digital imaging and spectroscopy [13], captures 
the spectral signature of each pixel across different wavelength regions 
(e.g., visible, near-infrared, shortwave infrared). This capability enables 
highly reliable material recognition, even for objects with similar visual 
appearance but different chemical composition. HSI systems can now 
be integrated into industrial sorting lines, where robots automate the 
separation process to ensure that chemically equivalent materials are 
grouped together.
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Today, industrial-grade hyperspectral sensors operate at millimetre 
spatial resolution and are applied in fields such as biomedicine [14], 
food quality [15], agriculture [16,17], cultural heritage [18] and plas-
tics classification [19,20]. Besides, the use of HSI technology in the 
waste management sector is growing rapidly like in construction and de-
molition waste [21,22], electrical and electronic equipment waste [23], 
municipal solid waste, etc.

Therefore, HSI technology enables reliable classification of visually 
similar materials and can be integrated into robotic sorting lines, en-
hancing accuracy, automation, and overall efficiency. HSI systems typ-
ically use line-scan cameras, which capture one spatial line at a time 
while the object moves along the conveyor belt. In such line-scan con-
figurations, the processing pipeline is constrained by a strict per-line 
time budget, since each acquired line must be processed before the 
next one is captured in order to avoid backlog or loss of real-time 
operation. These cameras are characterised by their spectral resolu-
tion (number of bands per pixel) and their line-scan spatial resolution. 
Their performance depends on both the optical setup and the installa-
tion geometry, which must be carefully adjusted to ensure square pix-
els by synchronising the camera’s acquisition rate with the conveyor
belt speed.

In this work, we focus on near-infrared (NIR) HSI sensors and their 
integration into robotic sorting systems. An efficient and scalable soft-
ware architecture has been proposed for real-time industrial material 
classification based on HSI. The ultimate goal is to design a fully versa-
tile and scalable industrial system, ensuring that both the physical instal-
lation and the software components can be easily adapted and expanded 
to meet varying operational requirements and future scaling needs. For 
example, our prototype system employs robotic arms equipped with vac-
uum grippers for item handling, but the developed software generates 
precise picking coordinates for each object, enabling integration with 
various end-effectors such as air jets, alternative robotic grippers, or 
other custom handling mechanisms.

Hyperspectral data processing remains a major obstacle to the prac-
tical and industrial deployment of hyperspectral imaging systems, par-
ticularly in real-time or resource-limited settings [5]. As highlighted in 
[5], the substantial quantity of high-dimensional spectral data necessi-
tates robust computational infrastructure, since hyperspectral images 
possess tremendous dimensionality and require considerable storage, 
memory, and computing capabilities. These characteristics lead to in-
creased operational complexity and integration difficulties within in-
dustrial pipelines, often requiring advanced computational strategies to 
ensure feasibility under strict timing constraints.

Designing a modular software framework is challenging due to the 
heterogeneity of the processing steps or pipelines. Pre-processing, de-
tection and classification algorithms vary depending on material proper-
ties, acquisition conditions and performance constraints. Some pipelines 
require radiometric calibration, while others use alternative normalisa-
tion techniques. Dimensionality reduction methods (e.g. Principal Com-
ponent Analysis (PCA)) or full-spectrum classification may be used. AI-
based models such as Supported Vector Machines (SVM), Multi-Layer 
Perceptron (MLP) or Convolutional Neural Networks (CNN) may also 
be used. In addition, different industrial installations may use different 
types of sensors, conveyor systems, lighting setups, communication pro-
tocols, and extraction mechanisms. The developed framework must be 
adaptable to the specific configuration of each pipeline.

The computational burden associated with high-dimensional hyper-
spectral data under strict real-time constraints has been explicitly quan-
tified in demanding industrial scenarios. Kristensen et al. reported hy-
perspectral acquisition at 160 fps using a configuration of 824 spatial 
pixels and 600 spectral bands per frame, corresponding to approxi-
mately 79.1 × 106 spectral values per second [24]. Their results show 
that, under such data rates, data processing rapidly becomes the limit-
ing factor in real-time operation when relying on CPU-based implemen-
tations. Furthermore, as computational load increases with spectral di-
mensionality and acquisition rate, performance scalability progressively 

degrades unless explicitly parallel and carefully structured processing 
strategies are implemented.

This observation highlights that the critical parameter for industrial 
scalability is not merely conveyor belt speed, but the volume of hy-
perspectral data generated per unit time. Commercial sorting systems 
from manufacturers such as PICVISA, STEINERT, and TOMRA report 
conveyor velocities ranging from approximately 1 − 2𝑚∕𝑠 in compact 
or specialised configurations to around 4.5𝑚∕𝑠 and up to 6𝑚∕𝑠 in high-
throughput installations. However, belt speed alone does not determine 
computational demand, since spatial sampling density, spectral dimen-
sionality, and acquisition frequency jointly define the total hyperspec-
tral data rate imposed on the processing pipeline.

In our prototype configuration (640 spatial pixels and 150 spectral 
bands at 670 fps), the resulting throughput is approximately 64.3 × 106

spectral values per second, which is of the same order of magnitude as 
the industrial scenario reported in [24]. In fact, an increase to roughly 
185 spectral bands under our acquisition conditions would yield an 
equivalent data rate of approximately 79.3 × 106 spectral values per sec-
ond.

Examples of commercially available hyperspectral cameras further 
illustrate this trend in terms of data throughput. For instance, the XIMEA 
MX022HG-IM-SM5X5-NIR2-FL, featuring a 2048 × 1088 pixel sensor op-
erating at 338 frames per second in a 5×5 mosaic snapshot configura-
tion, produces 2.23 × 106 pixel-level spectral measurements per frame, 
corresponding to approximately 753 × 106 raw spectral measurements 
per second. Likewise, the ULTRIS 5 HFR system (290 × 250 spatial pix-
els, 51 spectral bands, 75𝐻𝑧) generates 3.69 × 106 spectral samples per 
frame and 277 × 106 spectral samples per second.

Moreover, recent comparative studies have reported industrial dual-
camera configurations combining CMOS and InGaAs sensors to cover ex-
tended spectral ranges (e.g., 450–1834nm) [25]. In such systems, two 
independent hyperspectral data streams are acquired simultaneously, 
each with its own spatial and spectral dimensionality, effectively in-
creasing the total number of spectral measurements to be processed per 
unit time. This multiplicative growth in data volume further intensifies 
the computational requirements of the processing pipeline.

More generally, whether high-frame-rate single-sensor systems or 
multi-camera configurations are employed, industrial scalability is in-
creasingly governed by the total volume of hyperspectral data gener-
ated per unit time. Under CPU-based implementations, processing la-
tency tends to scale with spectral dimensionality and acquisition rate, 
eventually approaching or exceeding the available inter-frame process-
ing window in high-throughput scenarios. Consequently, architectural 
efficiency and explicit parallelisation become essential to guarantee de-
terministic real-time performance as data rates increase.

The rapid growth in hyperspectral sensor throughput requires 
equally capable data transmission infrastructures. High-bandwidth in-
dustrial interfaces such as USB3 Vision, 10, 25 and 100 GigE Vision, 
as well as CoaXPress 2.0, are increasingly adopted to accommodate the 
rapidly rising data rates generated by modern hyperspectral sensors. 
This progressive evolution of communication standards within the in-
dustrial vision ecosystem reflects the need to prevent the communica-
tion layer from becoming a system bottleneck. Similarly, adequate archi-
tectural solutions must be provided to ensure that data processing itself 
does not become the limiting factor in real-time industrial operation.

To address the challenges of real-time material classification, we pro-
pose a software architecture that distributes the main processing stages 
of the pipeline across independent threads through heterogeneous par-
allelisation. Subsequently, homogeneous parallelisation techniques are 
applied using high-performance computing strategies on multicore CPU 
systems, specifically targeting those processing tasks that could impact 
real-time performance or limit the system scalability.

The rest of the paper is structured as follows: In Section 2, we de-
scribe the industrial hardware system developed for this prototype. Sec-
tion 3 highlights the most important industrial settings related to hyper-
spectral data acquisition. Section 4 outlines the proposed architecture by 
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Fig. 1. Prototype production line.

reviewing the most important pipeline steps in the corresponding sub-
sections. Sections 5 and 6 shows the software optimisations performed 
over the different processing steps of the pipeline and the parallelisation 
performance, respectively. In Section 7, we discuss the results obtained 
as well as the main findings found during the development and evalua-
tion of the proposed software architecture for the developed prototype. 
Finally, in Section 8 some conclusions and future lines are drawn.

2.  Industrial hardware system

This section describes the hardware implemented in our real-time hy-
perspectral sorting prototype, including the materials and settings used 
for validation. The system, shown in Fig. 1, consists of four main sub-
systems: (a) material transport, (b) HSI acquisition, (c) sorting and re-
trieval, and (d) computing and communication.

The transport subsystem consists of a conveyor belt that moves ob-
jects through the HSI’s field of view. It is managed by a programmable 
logic controller (PLC) which also controls other hardware systems such 
as the lighting, cooling, and vacuum subsystems, along with the robot 
control signals. Conveyor belt speed is a critical factor, as it must be 
high enough to ensure industrial viability but not so fast as to cause 
object displacement or classification errors. Maintaining a uniform and 
clean conveyor belt surface is strongly recommended, as dirt or debris 
can alter the spectral response of the background and lead to significant 
misclassification errors. Furthermore, a contaminated conveyor belt sur-
face may require additional pre-processing steps to correct spectral dis-
tortions, increasing computational costs.

At the heart of the HSI acquisition system is a Specim FX17 cam-
era, which provides 640 spatial pixels and 224 spectral bands in the 
900 − 1700𝑛𝑚 range. System configuration, including camera height, op-
tics and thermal conditioning, has a direct impact on spatial resolution 
and pixel size. The camera operates in linear scan mode and is exter-
nally triggered by encoder pulses synchronized with the movement of 
the conveyor belt to ensure that square pixels are obtained and spatial 
distortions are avoided. The maximum frame rate of the camera and 
the size of each pixel determine the maximum achievable conveyor belt 

speed, with the constraint that each scanned line must be fully processed 
before the next is captured.

The illumination is provided by low-cost halogen lamps, which cover 
both the visible and the NIR spectra. Although designed for industrial 
applications, hyperspectral systems remain sensitive to both radiated 
and mechanical noise. To mitigate radiated interference, it is essential 
to avoid external contaminating light sources, especially those of fluctu-
ating intensity. However, it does not require full encapsulation, as is the 
case in commercial solutions such as PICVISA Ecopick1. Computational 
methods are used to deal with any harmful effects.

Furthermore, mechanical vibrations from conveyors or robotic arms 
have been demonstrated to have a detrimental effect on image quality, 
particularly in line-scanning systems. In order to reduce this effect, the 
camera is mounted on vibration-damping supports, and the cooling fans 
are isolated in order to prevent mechanical coupling.

The sorting subsystem uses a Kawasaki RS007L robot2 equipped with 
suction grippers to retrieve the classified objects. For the purpose of val-
idation, the system was configured to classify and select four types of 
plastic polymers: Acrylonitrile Butadiene Styrene (ABS), Polypropylene 
(PP), High-Density Polyethylene (HDPE), and Polystyrene (PS), each 
represented by a different colour. The robot is programmed to place 
sorted objects into designated hoppers.

The computing subsystem is based on a conventional multi-core 
shared memory architecture. All processing stages such as acquisition, 
pre-processing, classification, segmentation and communication are per-
formed on this workstation. Communication is managed via two inter-
faces: standard Ethernet for TCP/IP sockets with the PLC and the robot, 
and a Camera Link connection3 with a dedicated frame grabber for the 
high-throughput camera data. Further details are provided in Section 5.

3.  Settings for hyperspectral acquisition

A hyperspectral image is a three-dimensional structure, called hy-
percube, with two spatial dimensions (width and height) and one spec-
tral dimension (wavelength). Unlike RGB images, which contain only 
three spectral bands, hyperspectral images capture typically hundreds of 
bands, each corresponding to a specific wavelength. The detailed spec-
tral information per pixel enables accurate identification of the material 
at each pixel.

As said, in our prototype, we use a Specim FX17 camera, which pro-
vides 224 spectral bands in the 900 − 1700𝑛𝑚 range with 640 spatial pix-
els and a spectral resolution of 8𝑛𝑚. The camera operates in pushbroom, 
or line-scan mode with a 38◦ field of view (FOV). The pixel size along 
the axis of motion depends on both the acquisition frequency and the 
conveyor belt speed. To ensure square pixels and spatial fidelity, syn-
chronisation between the camera and the conveyor belt is achieved by 
an external trigger based on pulses from the conveyor belt encoder.

The pixel width, or ground sampling pixel (GSP), is defined by the 
Eq. (1), where ℎ is the camera height in 𝑚𝑚, 𝛼 is the lens FOV in degrees, 
and 𝑝 is the number of pixels per line. In our case, the camera is in-
stalled at a height of 1004𝑚𝑚 above the conveyor belt, so 𝐺𝑆𝑃 = 1.08𝑚𝑚. 
Therefore the encoder must trigger a new captured line of pixels ev-
ery 1.08𝑚𝑚 of conveyor belt movement. To capture one metre of con-
veyor belt movement, approximately 926 camera lines must be acquired, 
which results in a hypercube of dimensions 640 × 926 × 224. Assuming 
16 bits per spectral value, the raw data size for this hypercube would be 
approximately 253𝑀𝐵.

𝐺𝑆𝑃 =
2 ⋅ ℎ ⋅ tan(𝛼∕2)

𝑝
(1)

1 https://picvisa.com/ecopick-robot-inteligencia-artificial-clasificacion-
materiales-residuos/
2 https://kawasakirobotics.com/products-robots/rs007l/
3 https://www.automate.org/vision/vision-standards/

vision-standards-camera-link
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Conveyor belt speed is typically measured in meters per minute 
(m∕min). To optimise throughput, we need to relate the camera param-
eters to the conveyor belt speed. The conveyor belt speed 𝑣 in 𝑚𝑚∕𝑠 is 
given by the Eq. (2) where 𝑟 is the drum radius (including conveyor belt 
thickness), 𝑝𝑠 are the encoder pulses per second and 𝑒𝑟 is the encoder 
resolution.

𝑣 =
2 ⋅ 𝜋 ⋅ 𝑟 ⋅ 𝑝𝑠

𝑒𝑟
(2)

The resulting frame rate (in lines per second) is shown in Eq. (3)
𝑓𝑝𝑠 = 𝑣

𝐺𝑆𝑃
(3)

For example, with 𝑟 = 140𝑚𝑚 and 𝑒𝑟 = 500, a conveyor belt speed of 
25.01𝑚∕𝑚𝑖𝑛 gives a 𝑝𝑠 = 237, which gives us 385.69 fps. Given that the 
FX17’s maximum frame rate is 670𝑓𝑝𝑠, that corresponds to a camera 
frame rate of 57.6%. At this rate, 2.591𝑚𝑠 are available per line to perform 
all the processing steps. However, at full camera speed (670𝑓𝑝𝑠), the 
available time is reduced just to 1.493𝑚𝑠, giving a maximum conveyor 
belt speed of 43.43𝑚∕𝑚𝑖𝑛.

Proper illumination is essential to obtain reliable reflectance spectra. 
The FX17 camera has 12−bit depth, i.e. supports up to 4096 levels of 
intensity. Illumination must be uniform across the spectral range, strong 
enough to avoid underexposure, but not so strong as to saturate the 
sensor.

In the NIR range, halogen lamps are typically used due to their broad 
spectral emission. Although NIR LEDs are available, they remain expen-
sive and are not essential for the system’s functionality, although they 
could offer advantages in terms of energy efficiency. In our setup, the il-
lumination was experimentally configured by adjusting lamp height and 
arrangement until suitable spectra were achieved. A practical estimate 
of the required power 𝑃  is given by the Eq. 4, where 𝑑 is the distance 
from the light source to the target or object (in metres), 𝑡 is the sensor 
integration time (in seconds) and 𝑎 is an empirical constant. For a frame 
rate of 385.69 fps, a sensor integration time 𝑡 ≈ 0.65𝑚𝑠 and a distance 
𝑑 established for an optimum visual coverage, the estimated illumina-
tion power consumption is around 3126𝑊 , distributed across 8 halogen 
lamps in two rows along the 800𝑚𝑚 of the conveyor belt width.

𝑃 = 𝑎 ⋅ 𝑑
2

𝑡
(4)

To avoid saturation, Specim recommends that white references re-
main below 75% of the sensor’s full scale, where higher values corre-
spond to white and lower values to black. Adjusting 𝑑 or 𝑡 allows a 
balance to be struck between light intensity and frame rate. For exam-
ple, reducing the lamp distance by 10𝑐𝑚 reduces the required power 
to 1891𝑊 ; alternatively, maintaining 3280𝑊  would allow operation at 
670𝑓𝑝𝑠.

As shown, a combination of optical, mechanical and electronic pa-
rameters must be finely tuned to ensure reliable spectral acquisition. 
These conditions directly affect classification performance and the com-
putational cost of correcting, normalising or rejecting invalid data,
making acquisition quality a key factor in system efficiency and scal-
ability.

4.  Proposed software framework architecture

In this section we describe the design of the application structure 
as well as the optimisations performed to achieve with the real-time 
requirements of a real system designed for a waste recycling company.

Qt [26] was chosen as the main development framework for this 
project because of its cross-platform capabilities, allowing the applica-
tion to run seamlessly on Windows, Linux and MacOS without major 
code changes. This is particularly valuable in industrial environments 
where system requirements can vary depending on the deployment con-
text.

In addition, Qt provides robust tools for building professional and re-
sponsive graphical user interfaces (GUIs). Its high-level widgets, support 

for modern UI paradigms and integrated resource management system 
facilitate the development of intuitive, maintainable and visually con-
sistent interfaces.

Compared to other development frameworks such as Microsoft .NET 
(which is primarily Windows-oriented) or JavaFX (which often lacks 
the native look-and-feel and performance required for real-time applica-
tions), Qt offers a more flexible and powerful solution for GUI-intensive, 
cross-platform software. Qt also integrates seamlessly with C++ code-
bases, allowing efficient implementation of performance-critical com-
ponents and direct access to hardware-level functionality.

Another key advantage of Qt is its signal slot mechanism, a core fea-
ture of its event-driven architecture. This system provides a clean and ef-
ficient way to manage communication between components or threads, 
particularly in GUI applications where user interactions must trigger 
updates across different modules. Unlike traditional callback-based ap-
proaches, Qt’s signal-slot model provides better decoupling between ob-
jects, improving the modularity, maintainability and testability of the 
codebase.

The Specim FX17 supports connection to the computer system via 
either Camera Link or Gigabit Ethernet. In this case, the fastest possible 
communication interface is required, so Camera Link was chosen. This 
interface requires a dedicated frame grabber, which is typically sup-
ported by the Windows operating systems used in this project. As men-
tioned earlier, the software architecture is designed to be easily portable 
to other operating systems if required.

In Fig. 2 we show the different processes/threads involved in the ap-
plication. As can be seen, the application is mainly composed of four 
threads, namely main, camera, segment and sender. The main thread is 
responsible for creating all threads and global objects, as well as man-
aging the GUI. Currently the GUI displays the raw data received from 
the hyperspectral camera, the classification data (ABS, PP, HDPE and 
PS) and the segmentation results (object detection). When the Qt Ap-
plication object is created and started, it sends a startCamera signal to 
the camera thread, which starts capturing lines from the spectral cam-
era triggered by the encoder attached to the conveyor belt. Each camera 
line received by the camera thread is then pre-processed and classified 
according to the different materials. Each classified line is then stored 
in a memory buffer or window to perform the segmentation process.

Each acquired line is transmitted by the hyperspectral camera via 
the Camera Link interface and transferred by the frame grabber into 
host memory through the corresponding device driver. This acquisition 
buffer follows a single-writer design at the hardware level, where incom-
ing data are written exclusively by the frame grabber without software-
side contention.

The camera thread continuously monitors the arrival of new lines and 
processes them sequentially. To verify temporal continuity and detect 
potential losses, an internal software counter is maintained and com-
pared against the capture identifier provided by the camera for each 
acquired line. Any discrepancy between the expected and received iden-
tifiers is interpreted as a missing or skipped line. As soon as a new valid 
line is available, the camera thread reads the data from the acquisition 
buffer and immediately performs preprocessing and classification within 
the same thread context.

To avoid interference between acquisition and processing stages, the 
first operation performed by the camera thread consists of copying the 
acquired line into a private working memory region. All subsequent op-
erations are carried out on this copied data. This strategy guarantees 
that classification is performed on a stable snapshot of the acquired line 
while the frame grabber remains free to write incoming data without 
blocking or contention.

The classification output of each processed line consists of 640 bytes, 
corresponding to the spatial resolution of the hyperspectral sensor. Al-
though the graphical interface represents a window of 1600 lines (con-
figurable at application startup), the actual allocated memory for classi-
fied data is twice this size. Specifically, a linear buffer of 2×1600 lines 
is reserved.
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Fig. 2. Application thread architecture.

Each classified line is written twice in memory with an offset (stride) 
equal to the window length. This duplicated storage strategy guarantees 
that, at any time, the 1600-line visualization window corresponds to a 
physically contiguous memory region. As a result, both GUI rendering 
and segmentation operations can access the active window without re-
quiring modular indexing or wrap-around logic. This approach replaces 
a traditional circular buffer, which would introduce non-contiguous 
memory regions when the write pointer wraps around. By ensuring spa-
tial continuity in memory, segmentation and visualization always op-
erate on stable and linearly ordered data, simplifying memory access 
patterns and improving cache locality.

To enhance robustness under real industrial conditions, a line in-
tegrity control mechanism is implemented. If an acquired line is not 
processed within the expected temporal window, the classification re-
sult of the previous valid line is replicated to preserve spatial continuity. 
As said, the system maintains counters to detect consecutive line losses 
as well as the percentage of lost lines within each segmentation window. 
If the number of consecutive missing lines exceeds a predefined thresh-
old, or if the proportion of lost lines within a window surpasses a con-
figurable limit, an alarm trigger is generated and sent to the main (GUI) 
thread via a Qt signal. This mechanism prevents undetected degrada-
tion of classification quality and ensures reliable operation under strict 
temporal constraints.

The active visualization window corresponds to the previously de-
scribed 1600-line classification window (configurable at application 
startup), which in the developed industrial prototype represents approx-
imately 1728mm of conveyor belt displacement. Once this window has 
been fully classified, a startSegmentation signal is issued to the segment
thread. Thereafter, segmentation is triggered every 400 newly classified 
lines, enabling progressive object detection while acquisition and clas-
sification continue uninterrupted.

Each segmentation step produces the centroids of the detected ma-
terial objects. Since consecutive segmentation windows may partially 
overlap in space, a validation procedure is applied to determine whether 
newly computed centroids correspond to previously detected objects or 
represent new instances. Specifically, each newly detected centroid is 
compared against the existing global list of objects, and it is considered 
already detected if an exact spatial match is found or if the displacement 
with respect to a previously stored centroid remains within a predefined 
tolerance threshold. Valid centroids are inserted into a global list con-
taining the objects identified by the segmentation stage. This list repre-
sents the set of detected objects that are currently available for robotic 
manipulation. When the sender thread assigns an object to a robotic arm 
and issues the corresponding pick command, the associated centroid is 
removed from the list. In addition, objects that are no longer reachable 

due to conveyor displacement are discarded according to an ageing cri-
terion, preventing the persistence of obsolete detections.

The sender thread responds to work requests issued by the robotic 
arms once they complete their previous pick operation. Upon receiv-
ing a new request, the sender thread selects the most appropriate valid 
centroid according to the robot’s current position and dispatches the 
corresponding pick command. In parallel, the segment thread communi-
cates the segmented image to the main thread via a Qt communicator 
object for real-time visualization in the graphical interface.

It would not be possible to execute these processing stages sequen-
tially and satisfy the strict temporal constraints imposed by the hyper-
spectral camera acquisition frequency. The separation into independent 
threads constitutes a first level of parallelisation, distributing heteroge-
neous tasks such as acquisition, classification, segmentation, and com-
munication across distinct execution contexts. This architectural decom-
position isolates time-critical operations from higher-latency stages and 
prevents blocking interactions between modules.

When the computational load of a given stage approaches the avail-
able temporal budget, further acceleration is achieved through homo-
geneous parallelisation, distributing the internal workload of that stage 
across multiple processing cores. This hierarchical parallelisation strat-
egy ensures scalability as acquisition frequency or spectral dimension-
ality increases.

Apart from the above threads, a Robot Operating System4 (ROS) 
thread is used to communicate with the Programmable Logic Controller 
(PLC), which controls the machine’s conveyor belt, camera lighting, 
robot operation signals, and industrial vacuum system. The computa-
tional cost of this thread is negligible, as it primarily handles communi-
cation events generated by the GUI and receives alerts from the PLC.

While Fig. 2 depicts the functional decomposition of the application 
into independent execution threads, the underlying concurrency model 
follows a single-writer/multi-reader strategy with clearly defined own-
ership of shared resources. Structural modifications of shared data struc-
tures are restricted to dedicated threads, while other threads perform 
controlled read-only access or state marking operations. This design 
prevents race conditions and iterator invalidation while preserving de-
terministic real-time behaviour. Event triggering between threads (e.g., 
segmentation activation or GUI refresh) relies on controlled state up-
dates and Qt’s asynchronous signal-slot mechanism, ensuring that non-
critical operations never interfere with time-constrained acquisition and 
classification stages.

4 https://www.ros.org/
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4.1.  Camera thread

This thread is responsible for camera line acquisition, pre-process 
and classification. These operations must be completed before the ar-
rival of the next line, due to the real-time constraints of the system. 
Since this thread is the only one that may become a bottleneck with 
a significant impact on overall system performance, it is essential to 
analyse both computational complexity and functionality. Ensuring its 
efficiency is a key requirement for achieving system scalability, espe-
cially when targeting higher acquisition rates, increased resolution, or 
more complex classification tasks.

As previously discussed, the dominant computational load of the ap-
plication corresponds to spectral pre-processing and material classifica-
tion. Consequently, the camera thread becomes the primary target for 
homogeneous parallelisation. Within this thread, OpenMP parallel re-
gions are spawned to distribute spectral computations across multiple 
cores while preserving deterministic acquisition timing.

Considering the software architecture of the proposed system, and 
the characteristics of the camera, the data acquired in each capture (640
spatial pixels ×224 spectral bands) must be pre-processed and classified 
within a time window of 1.493 milliseconds at maximum camera fre-
quency (670 fps). Our objective is to ensure system scalability, meaning 
the ability to increase the number of classifiable materials and to operate 
with cameras featuring higher acquisition rates and/or greater spatial 
resolution. To support this, it is crucial that the total time required for 
pre-processing and classification is not only below 1.493 milliseconds, 
but also minimised as much as possible.

4.1.1.  Pre-process
Spectral pre-processing is essential in industrial hyperspectral appli-

cations to enhance data quality before classification. Several techniques 
exist to address issues such as baseline shifts, scattering effects, and spec-
tral noise. Widely used methods include Reflectance calibration, Stan-
dard normal variate, Multiplicative scatter correction, min-max scaling, 
mean centring, Area under the curve, single-band normalisation, first 
and second derivatives, Savitzky-Golay filtering, and Total variation un-
masking  [27–31]. These are common in domains such as food quality 
control, pharmaceutical inspection, and plastic waste sorting.

In industrial environments, where surface conditions and lighting 
are not well defined or calibrated, the selection of an appropriate pre-
processing chain is critical. While complex pre-processing chains can 
improve classification, they also increase the computational cost. In the 
developed prototype, we applied a compact but efficient pre-processing 
chain consisting of two tasks optimised for real-time execution, both 
based on normalisation. The proposed modular software architecture 
allows easy replacement of pre-processing steps if necessary.

As said, the pre-processing chain implemented is based on two nor-
malisation stages. The first step is a white/black reference correction, 
also known as reflectance calibration, which compensates for sensor and 
illumination variations. For each pixel (𝑖, 𝑗) and spectral band 𝜆, the re-
flectance 𝑅𝑖,𝑗,𝜆 is computed using Eq. (5), where 𝐼𝑖,𝑗,𝜆 represents the raw 
pixel value, 𝐷𝑖,𝑗,𝜆 the dark reference, and 𝑊𝑖,𝑗,𝜆 the white reference. The 
raw 16-bit integer values are converted to floating-point format to pre-
serve precision during the normalisation operations.

𝑅𝑖,𝑗,𝜆 =
𝐼𝑖,𝑗,𝜆 −𝐷𝑖,𝑗,𝜆

𝑊𝑖,𝑗,𝜆 −𝐷𝑖,𝑗,𝜆
(5)

A min-max normalisation is then applied to scale values to [0, 1] per 
band, as shown in Eq. (6) where 𝑅̂𝑖,𝑗,𝜆 the normalised reflectance, 𝑅𝑖,𝑗,𝜆
is the reflectance value at pixel (𝑖, 𝑗) and band 𝜆, 𝑅min

𝜆  and 𝑅max
𝜆  are 

the minimum and maximum reflectance values observed in band 𝜆, re-
spectively. Values are finally scaled to [0, 1000] and cast back to 16-bit 
integers. This full process, outlined in Algorithm 1, is equally applied 
for the two classification methods tested.

𝑅̂𝑖,𝑗,𝜆 =
𝑅𝑖,𝑗,𝜆 − 𝑅min

𝜆

𝑅max
𝜆 − 𝑅min

𝜆

(6)

Algorithm 1 Double Normalisation Combining White/Black References 
and Pixel-Level Rescaling.
1: Input: Raw pixel spectrum, dark reference and white reference
2: Output: Normalised pixel spectrum (in-place), maximum and nor-
malised values

3: for 𝑖 = 0 to spectralSize − 1 do 
4:  dividend ← Spectrum[𝑖] − darkSpectrum[𝑖]
5:  divisor ← whiteSpectrum[𝑖] − darkSpectrum[𝑖]
6:  normalized_value[𝑖] ← dividend∕divisor
7:  if normalized_value[𝑖] > maxSpectrum then
8:  maxSpectrum ← normalized_value[𝑖]
9:  end if
10:  if normalized_value[𝑖] < minSpectrum then
11:  minSpectrum ← normalized_value[𝑖]
12:  end if
13: end for
14: divisor ← maxSpectrum − minSpectrum
15: for 𝑖 = 0 to SpectralSize − 1 do
16:  dividend ← normalized_value[𝑖] − minSpectrum
17:  Spectrum[𝑖] ← uint16_t((dividend∕divisor) × 1000)
18: end for

On the one hand, the white reference acquisition consisted of cap-
turing 200 lines of a uniform white cardboard surface across the width 
of the conveyor belt. On the other hand, the black reference acquisition 
was done by capturing 200 lines with the camera shutter closed. Instead 
of global averaging, a per-pixel reference has been calculated, effectively 
capturing the 𝑊𝑖,𝑗,𝜆 and 𝐷𝑖,𝑗,𝜆 matrices, which account for the effects of 
non-uniform illumination and lens distortion. This approach improves 
the consistency and accuracy of spectral data, especially in real indus-
trial environments where perfectly uniform illumination is difficult to 
achieve.

As will be discussed later, we implement two classification meth-
ods based on the Spectral Angle Mapper (SAM) [32] and a feed-forward 
Artificial Neural Network (ANN). Both share a common spectral pre-
processing, but with a slight difference: The SAM-based method includes 
a heuristic pre-filter to discard pixels belonging to the conveyor belt, 
while the ANN-based method treats the conveyor belt as one of the clas-
sification categories. In particular, when using the SAM-based classifi-
cation method, a preliminary filter is applied to exclude pixels with low 
reflectance that are likely to belong to the conveyor belt. This heuris-
tic threshold is defined in the application configuration parameters and 
calculated per pixel as shown in Algorithm 2. This preliminary filtering 
helps to reduce the computational load by avoiding unnecessary com-
parisons. This step is disabled in the ANN-based classification method, 
which treats all pixels equally.

Algorithm 2 Heuristic Decision Rule to Distinguish Conveyor Belt from 
Material Pixels.
1: for 𝑖 = 0 to spatialSize − 1 do
2:  PCT ← maxSpectrum[𝑖] × (1 + thresholdPCT)
3:  if PCT > pThresholdBelt[𝑖] then
4:  isConveyorBelt[𝑖] ← false
5:  else
6:  isConveyorBelt[𝑖] ← true
7:  end if
8: end for

4.1.2.  Classification
Once the data has been pre-processed according to the procedure de-

scribed in Section 4.1.1, it must be classified, so in this work, we devel-
oped and analyse the behaviour of two different classification methods: 
one based on the Spectral Angle Mapper (SAM) and the other on an Ar-
tificial Neural Network (ANN). As said, the objective of this industrial 
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prototype is to classify four different materials, ABS (Acrylonitrile Buta-
diene Styrene), PP (Polypropylene), HDPE (High-Density Polyethylene), 
and PS (Polystyrene), which exhibit similar spectral responses.

The spectral signatures, or spectral patterns, of the target materials 
were built with pixels belonging to multiple Regions of Interest (ROIs) 
from different sample pieces of each material, captured at various po-
sitions along the conveyor belt. The same pre-processing pipeline de-
scribed in the previous section, was applied to each pixel within these 
ROIs. Finally, the pre-processed spectra within each ROI were averaged 
to produce a representative reference pattern for each material, which 
are stored in a csv file that is loaded by the software application on 
startup.

This is a simple and fast procedure that can be repeated whenever 
a new material needs to be incorporated into the classification system. 
In such cases, a new pattern must be built for each new material, with 
the same pre-processing steps and acquisition settings. Similarly, when 
deploying the system in a new installation, the reference spectra for all 
materials should be re-acquired, since physical conditions such as light-
ing geometry, sensor height, and optical setup may differ and impact 
the spectral response. Reconstructing the material signatures in the new 
context is a more reliable and time-efficient strategy than attempting to 
replicate identical acquisition conditions across setups.

SAM-based Classification
The SAM-based classification method takes as input the spectrum ob-

tained for each pixel, together with the reference patterns correspond-
ing to each of the materials to be classified, and determines the angle 
between them in a multidimensional vector space. As described in the 
pre-processing phase, a preliminary classification step is used to identify 
and exclude pixels corresponding to the conveyor belt, thereby reducing 
the computational load of the SAM analysis, which depends directly on 
the amount of material present on the conveyor belt.

Both the pre-processed pixel spectrum and the reference patterns 
have a dimensionality of 224, corresponding to the number of spectral 
bands. In this project, we perform a spectral crop operation that restricts 
the analysis to bands 49 through 198, in order to exclude the spectral 
edges. The initial bands (1–48) and the final ones (199–224) exhibit 
steep signal transitions and low variability across different materials. 
These regions tend to produce highly similar responses for all samples, 
being not useful for discriminative purposes.

The spectral angle 𝜃 is given by Eq. (7) treating the spectrum vector 
𝐒𝐩𝐞𝐜𝐭𝐫𝐮𝐦 and the predefined material spectral patterns 𝐏𝐚𝐭𝐭𝐞𝐫𝐧 in an 
𝑛-dimensional space (where 𝑛 = 150). A smaller angle indicates a higher 
similarity between the two spectra.

𝜃 = arccos
(

𝐒𝐩𝐞𝐜𝐭𝐫𝐮𝐦 ⋅ 𝐏𝐚𝐭𝐭𝐞𝐫𝐧
‖𝐒𝐩𝐞𝐜𝐭𝐫𝐮𝐦‖ ‖𝐏𝐚𝐭𝐭𝐞𝐫𝐧‖

)

(7)

SAM-based classification is applied only to those pixels whose mean 
reflectance across the spectrum exceeds the predefined threshold deter-
mined during calibration. Pixels falling below this reflectance threshold 
are initially assumed to belong to the conveyor belt and are excluded 
from further classification.

The algorithm corresponding to the SAM calculation, shown in 
Eq. (7), is presented in Algorithm 3.

Algorithm 3 Spectral Angle Mapper (SAM) Computation.
1: function SAM(Spectrum, Pattern)
2:  dot_product ← Spectrum ⋅ Pattern
3:  norm_spectrum ← ‖Spectrum‖
4:  norm_pattern ← ‖Pattern‖

5:  angle_cosine ←
dot_product

norm_spectrum ⋅ norm_pattern
6:  𝜃 ← arccos(angle_cosine)
7:  return 𝜃
8: end function

Fig. 3. ANN model architecture.

Algorithm 4 shows the classification of each pixel in a line using the 
SAM-based method. For every pixel spectrum, it computes the spectral 
angle with respect to each of the four material reference patterns and 
assigns the class corresponding to the smallest angle.

Algorithm 4 Line-wise Pixel Classification using SAM.
1: Input: Normalised pixel spectrum (LineSpectrum)
2:  Patterns Materials (Materials)
3: for all pixel ∈ LineSpectrum do
4:  min_angle ← ∞
5:  best_class ← −1
6:  for all pattern ∈ Materials do
7:  𝜃 ← SAM(pixel, pattern) ⊳ See Algorithm 3
8:  if 𝜃 < min_angle then
9:  min_angle ← 𝜃
10:  best_class ← index of Pattern
11:  end if
12:  end for
13:  Assign best_class to current pixel
14: end for

ANN-based Classification
The other classification method analysed in this work is based on 

neural networks. Specifically, the architecture of the ANN model de-
veloped in this work is shown in Fig. 3. As can be seen, the model is 
composed of an input layer corresponding to the 224 spectral bands of 
a camera pixel, three dense layers using relu as the activation function, a 
dropout layer to reduce the possibility of overfitting [33] and an output 
layer using softmax as the activation function.

In a similar way than for the SAM-based algorithm a spectral crop 
is applied, restricting the analysis to bands 49 through 198, in order 
to exclude the spectral edges. The neural network model was trained 
with a dataset of almost 240, 000 pixel spectra belonging to the different 
materials to be classified, as well as pixels corresponding to the conveyor 
belt. This data set was split into 80% for training and 20% for testing.

The accuracy of the ANN-based model after training is 0.9903. Fig. 4 
shows the confusion matrix, where, as can be seen, the degree of accu-
racy is 100% for all materials except category ABS, that reaches a 96%.

4.2.  Segment thread

After the first acquisition, preprocessing and classification of a pre-
configured number of lines equal to the window size (1600 in our case), 
a signal is sent to the segment thread. At this point, the segmentation 
process starts and for each material to be classified, we first create an 
image as a binary mask and then, using OpenCV functions, we obtain 
the contour, the centroid position as well as other information such 
as the area for all detected objects in the binary mask. All detected 
objects with an area greater than a certain value, configurable in the
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Fig. 4. Confusion matrix.

configuration parameters of the application, are then entered into an 
object list. This list of objects is a global variable and is accessed, with 
mutual exclusion, both by the segment thread to add objects and by the 
sender thread to extract objects and send their information to the re-
questing robot.

After the first classification, for each 𝑦 new lines captured and classi-
fied, where 𝑦 is a value configurable within the application and a divisor 
of the window size, a new segmentation is performed. This is done so 
that the objects can be visualised and tracked smoothly in the GUI. It 
must be taken into account that this new segmentation may include ob-
jects that were previously included in the object list and a check must be 
made to avoid these duplications. Therefore, in the developed software, 
additional segmentations are performed more frequently than strictly 
necessary solely to enhance the visualisation and tracking of the objects, 
as this extra processing does not compromise the system’s real-time per-
formance.

While the segmentation stage can be efficiently addressed using 
lightweight techniques in well-structured industrial environments, more 
complex scenarios may introduce additional challenges. In such cases, 
recent advances in deep learning-based object detection and segmenta-
tion have demonstrated strong performance in assembly line environ-
ments [34]. These approaches leverage convolutional neural networks 
to perform robust end-to-end detection and segmentation. The present 
work prioritises computational efficiency and deterministic real-time 
behaviour within the proposed multi-threaded architecture; neverthe-
less, the framework remains compatible with the integration of more 
advanced segmentation strategies if required by the application.

While the segmentation stage can be efficiently addressed using 
lightweight techniques in structured industrial settings, more complex 
scenarios may pose additional challenges. In such cases, deep learning-
based object detection and segmentation approaches have demonstrated 
high accuracy, for example in industrial assembly line inspection tasks 
[34]. Furthermore, deep architectures that jointly extract spectral and 
spatial features have been proposed for semantic segmentation in HSI 
datasets [35,36].

4.3.  Sender thread

As shown in Fig. 2, the application architecture contains a sender
thread that is responsible for the communication between the differ-
ent possible robots and the software application. Although the proto-
type system developed has only one robot, the application architecture 
and the communication system can be configured to work with several 
robots.

First of all, when the sender thread is created and launched, it es-
tablishes a socket communication between the computing platform and 
the different active robots. The number of robots as well as if they are 
active or not is determined by the application configuration parameters. 
Besides, each robot can be configured to pick just one type of material or 
to pick several ones, and also it is possible to assign different hoppers to 
the materials. Afterwards, the computing platform starts receiving pack-
ets from the different robots. There are three different types of command 
packets: BUSY, ACK, and NEW. The BUSY command is sent by a robot 
when it is moving with a picked object and it can not accept new po-
sitions. In this case, the computing platform sends and ACK response. 
The ACK command is sent by a robot to maintain the socket opened to 
avoid timeout, and the computing platform also responds ACK. When 
a NEW command is sent by a robot, in the communication packet also 
is sent the current x and y position of the robot. In this case, the com-
puting platform looks for an object in the list which corresponds to the 
material that the robot is configured to pick, with the centroid closest to 
the current position (x,y) of the robot in order to speed-up the picking 
process. The computing platform compounds a packet with the selected 
object information including, centroid position, material, and destina-
tion hopper number.

5.  Software-level optimisation methods

This section details the optimisation techniques employed to ensure 
that the computing system, both hardware and software, is not only 
capable of meeting the real-time requirements of the application, but 
is also efficient, scalable, and cost-effective. The goal is to develop a 
solution that maintains high performance without requiring hardware 
upgrades, thus facilitating future expansions and easing deployment in 
resource-constrained environments.

The computing system used in this project is based on the AMD Ryzen 
9 7950X processor, AMD’s Zen 4 architecture. It features 16 physical 
cores and 32 threads, with a base clock speed of 4.5GHz and a boost fre-
quency of up to 5.7GHz. This architecture supports PCIe 5.0 and DDR5 
memory, offering excellent throughput for data-intensive tasks.

Although the AMD Ryzen 9 7950X processor supports 32 threads via 
Simultaneous Multithreading (SMT), only a maximum of 16 threads will 
be in use in this project to maximise computational efficiency, except 
during TensorFlow performance evaluations. This decision is based on 
the fact that SMT does not double performance linearly, because the 
logical threads must share execution resources within a physical core, 
which can lead to contention for cache or memory bandwidth, for exam-
ple. By assigning one thread per physical core, we can reduce context-
switching overhead, avoid resource contention, and ensure that each 
thread operates with full access to the core’s execution pipeline and 
cache hierarchy. This approach is used to result in more predictable and 
lower-latency performance, which is essential for real-time systems.

Moreover, in Windows, the operating system is responsible for man-
aging how threads are assigned to CPU cores through its internal sched-
uler. Windows may migrate threads between cores dynamically during 
execution, due to load balancing, power management, resource avail-
ability, or thread priority. The scheduler aims to optimise overall system 
throughput by distributing workloads evenly across available cores and 
minimising idle time.

However, this dynamic thread migration can have negative conse-
quences in performance-critical or real-time applications. When a thread 
is moved from one core to another, it typically loses access to the pre-
vious core’s local cache (L1/L2), resulting in additional latency due to 
cache reloading from L3 or RAM.

One of the techniques used to avoid these issues is to explicitly set 
thread affinity, binding threads to specific cores [37]. This approach im-
proves cache locality, reduces latency variability, and enhances overall 
predictability of execution, especially important in systems like the one 
proposed, where real-time processing is required. Furthermore, since 
the system is designed for industrial use and not as a general-purpose
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Fig. 5. Thread-to-core affinity configuration.

computing environment, all running processes are known and con-
trolled. This makes it feasible to fine-tune core assignment without in-
terference from unpredictable background tasks, further reinforcing the 
benefits of static thread placement.

Although the system uses C++ standard threads, thread affinity can 
still be enforced by retrieving the native handle of each thread and call-
ing the SetThreadAffinityMask function from the Windows API. Once a 
thread is bound to a specific logical core using this method, the operat-
ing system will no longer migrate it to other cores, ensuring consistent 
execution and improved cache locality.

In Windows, the scheduler typically maps new processes to the first 
logical cores. To avoid contention with system processes and services, 
all application-specific threads in this project are explicitly pinned start-
ing from logical core 8 onwards, leaving the first 8 logical cores (cores 
0 to 7) available for system processes, i.e the first 4 physical cores. Fur-
thermore, only even-numbered logical cores are used, as each pair of 
adjacent logical cores (e.g., cores 8 and 9) corresponds to a single phys-
ical core in processors with SMT. By assigning threads only to even-
numbered cores, we ensure that each thread runs on a separate physical 
core, for maximum performance and avoidance of resource sharing be-
tween concurrent threads.

In particular, the main and ROS threads are on core 8, the segment
thread is on core 10, the sender is on core 12 and the thread that could 
be the biggest bottleneck, the camera thread, is on core 14. At this point, 
out of the 16 available physical cores, 8 free physical cores are used to 
accelerate the most computationally critical tasks, i.e. the pre-processing 
and sorting tasks discussed in Section 4.1.

The explicit affinity configuration adopted in this work is illustrated 
in Fig. 5. Each time-critical thread is pinned to a dedicated physical core, 
while operating system services are confined to lower-index logical cores 
and OpenMP worker threads occupy the remaining physical cores.

5.1.  Spectral pre-processing

Algorithm 1 illustrates the pre-processing applied to all pixels in 
a single hyperspectral line. To accelerate execution and improve per-
formance, OpenMP was used to parallelise the per-pixel pre-processing 
across multiple threads.

The parallelisation implemented in Algorithm 5 is based on a par-
allel for loop using OpenMP. Its performance will be analysed in Sec-
tion 6.3.1, focusing on two key parameters: the scheduler type and the 
chunk size. The scheduler determines how loop iterations are distributed 
among available threads, using either static or dynamic scheduling strate-

Algorithm 5 Pre-process parallel algorithm.
1: Input: Hyperspectral line (raw pixel spectra), precomputed white-
dark references, threshold values

2: Output: Normalised line, conveyor/matter mask
3: parallel for 𝑖 = 0 to spatialSize − 1 do
4: Spectrum ← raw spectrum of pixel 𝑖
5: darkSpectrum ← dark reference of pixel 𝑖
6: whiteMinusDark ← whiteSpectrum[𝑖] − darkSpectrum[𝑖]
7: (Spectrum[𝑖], maxSpectrum) ←DoubleNormalisation
8: (Spectrum[𝑖], darkSpectrum[i], whiteMinusDark[i])
9:  (see Algorithm 1)
10: isConveyorBelt[𝑖] ← ConveyorBeltHeuristic
11: (maxSpectrum, thresholdPCT, pThresholdBelt[𝑖])
12:  (see Algorithm 2)
13: end parallel for

gies provided by OpenMP, while the chunk size specifies how many it-
erations are assigned to each thread at a time. These parameters can 
significantly influence overall efficiency, for example through their im-
pact on load balancing and memory locality.

Additionally, we will analyse the impact of using thread affinity, i.e., 
binding threads to specific physical cores. Affinity can improve cache 
locality and reduce thread migration overhead, but it must be evalu-
ated in conjunction with the scheduling strategy to ensure optimal per-
formance. In our evaluation, we compare executions with and without 
affinity to assess its effect on scalability and temporal predictability in 
real-time environments.

5.2.  Classification

As previously explained, this work evaluates two different classifi-
cation methods for hyperspectral material sorting: one based on Arti-
ficial Neural Networks (ANNs), and another using the Spectral Angle 
Mapper (SAM). These two approaches differ significantly in their inte-
gration within the project and in the possibilities for performance op-
timisation. The ANN-based method relies on third-party libraries (Ten-
sorFlow), which abstract the low-level implementation details but limit 
fine-grained control over thread management and memory optimisa-
tion. In contrast, the SAM-based method has been fully implemented 
within the project, allowing for custom parallelisation strategies. As 
a result, the acceleration techniques applicable to each method vary
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considerably and are evaluated independently in terms of performance 
and scalability.

5.2.1.  ANN
The trained ANN model described in Section 4.1.2 is imported into 

the application and integrated into the processing pipeline. The model is 
invoked for each hyperspectral line and outputs a classification label for 
every pixel, including those corresponding to the conveyor belt, which 
is treated as a distinct material class.

The model inference is executed entirely on the system’s CPU, as the 
performance requirements of the application are satisfied without the 
need for hardware accelerators such as a GPU. This choice simplifies the 
hardware configuration and avoids the additional overhead associated 
with GPU integration and data transfers, while still meeting real-time 
constraints.

By default, the TensorFlow library, despite being used solely for in-
ference, utilises all available resources in the system. This behaviour can 
be adjusted using TensorFlow’s configuration options in order to anal-
yse its impact on performance and to better integrate inference into a 
shared CPU environment. In particular, TensorFlow provides a low-level 
API function, (TF_SetConfig), which allows users to configure various as-
pects of the runtime environment before creating a session. This function 
can be used to define execution parameters such as the number of CPU 
threads, GPU device visibility, memory growth policies, and inter/intra 
operation parallelism. Although TensorFlow allows limiting the number 
of computational resources, specifically CPU cores, it does not provide 
mechanisms for applying thread affinity techniques to bind threads to 
specific physical cores.

Section 6.3.2 will examine the computational cost of inference in 
order to assess the scalability of the method and to determine the most 
efficient use of system resources.

5.2.2.  SAM
Algorithm 6 shows the parallel implementation of the SAM-based 

classification process, which, like the pre-processing algorithm, is based 
on a parallel for loop using OpenMP. Its performance will be analysed 
in Section 6.3.3, with a focus on the scheduler type, the chunk size, and 
the impact of using thread affinity.

Algorithm 6 Parallel Line-wise Pixel Classification using SAM.
1: Input: Normalised line (Spectrum)
2:  Patterns Materials (Materials)
3: parallel for 𝑖 = 0 to spatialSize − 1 do
4:  if isConveyorBelt[𝑖] then
5:  Assign conveyor_label to current pixel
6:  else
7:  min_angle ← ∞
8:  best_class ← −1
9:  for all pattern ∈ Materials do
10: 𝜃 ← SAM(pixel, pattern) ⊳ See Algorithm 3
11:  if 𝜃 < min_angle then
12:  min_angle ← 𝜃
13:  best_class ← index of pattern
14:  end if
15:  end for
16:  Assign best_class to current pixel
17:  end if
18: end parallel for

In this case, it is important to highlight that the computational cost 
per pixel is primarily determined by the SAM calculation, which is re-
peated for each material class that needs to be classified. It is also worth 
noting that this algorithm explicitly incorporates the prior classification 
step that determines whether a pixel corresponds to the conveyor belt 

or to a material. This means that the computational cost per pixel de-
pends on the outcome of that pre-classification: if the pixel is identified 
as belonging to the conveyor belt, the processing cost is minimal; other-
wise, a full classification is performed. Note that, while the number of 
material classes remains fixed for a given industrial installation, it may 
vary from one installation to another. Therefore, the total classification 
cost per hyperspectral line in a given installation depends on the nature 
of the line itself, that is, on how many pixels correspond to classifiable 
material.

6.  Experimental results

In this section, the experimental configuration used to evaluate the 
proposed system is first described in Section 6.1, including the hard-
ware platform, hyperspectral acquisition setup, and dataset character-
istics. Subsequently, the classification performance obtained using the 
two previously introduced methods, the ANN-based and the SAM-based 
approaches, is presented in Section 6.2. Finally, the computational fea-
sibility and scalability of the proposed system, highlighting its poten-
tial for real-time or large-scale industrial applications, are analysed in
Section 6.3.

6.1.  Experimental setup

6.1.1.  Hardware platform
As already introduced, the platform used is equipped with the AMD 

Ryzen 9 7950X, that integrates 16 physical cores and 32 threads, with a 
total of 81 MB of cache, comprising 1MB of L1, 16MB of L2, and 64MB 
of L3 cache. The L3 cache is distributed across two 8-core CCDs (Core 
Complex Dies), each with 32MB of L3 shared among the cores. The 
system is equipped with 64 GB of DDR5 RAM running at 6000 MT/s, 
installed on an ASUS TUF GAMING X670E-PLUS WIFI motherboard, and 
a 1TB NVMe SSD used for system storage and data handling. Although 
the GPU is active and performing its standard graphics functions, no 
GPGPU computation is involved in this project, as all data processing 
tasks are handled exclusively by the CPU.

6.1.2.  Hyperspectral camera
The hyperspectral acquisition system is based on a SPECIM FX17 

camera (Specim, Spectral Imaging Ltd., Finland). The FX17 is a pushb-
room hyperspectral sensor operating in the short-wave infrared (SWIR) 
range from 900 nm to 1700 nm.

The camera provides 224 contiguous spectral bands with a spectral 
sampling interval of approximately 3.6 nm. The spatial resolution of 
the sensor is 640 pixels per line. When operating at full spectral resolu-
tion (224 bands), the maximum achievable acquisition frequency is 670 
frames per second, corresponding to a line acquisition period of 1.493𝑚𝑠.

As a pushbroom sensor, each captured frame corresponds to a single 
spatial line containing 640 spatial samples and 224 spectral channels. 
Consecutive lines are acquired synchronously with the conveyor belt 
motion to reconstruct the hyperspectral datacube in real time.

6.1.3.  Datasets
To evaluate the computational behaviour of the proposed architec-

ture under different operating conditions, three experimental scenarios, 
shown in Fig. 6, were considered. Each scenario represents a distinct 
spatial distribution of materials on the conveyor belt and is designed to 
analyse specific computational conditions.

• Scenario 1 (Full-load synthetic configuration): The conveyor belt 
carries rectangular blocks of a single material type that fully cover 
its surface. Consequently, nearly all spatial pixels in each acquired 
line correspond to material that must be classified. This synthetically 
generated scenario represents a worst-case spectral processing con-
dition, as the classification module operates at maximum load with 
minimal background removal.
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Fig. 6. Graphical information.

• Scenario 2 (Real industrial acquisition): The conveyor belt trans-
ports discrete pieces of the four reference materials (ABS, PP, HDPE 
and PS), with large empty areas where no material is present. This 
configuration is constructed from experimentally acquired data and 
using to generate the other two scenarios.

• Scenario 3 (High-fragmentation synthetic configuration): Shred-
ded material pieces suitable for robotic manipulation are distributed 
across a nearly full conveyor belt without overlapping between frag-
ments. This synthetically generated scenario is designed to stress the 
segmentation and object-management stages by introducing a large 
number of disconnected regions, allowing verification that high ob-
ject fragmentation does not introduce additional computational bot-
tlenecks.

In all cases, the hyperspectral data are stored on disk and each sce-
nario consists of 12,000 acquired lines. Given the spatial resolution of 
640 pixels per line and 224 spectral bands per pixel, this corresponds 
to 7.68 million spectra per scenario. This controlled setup enables con-
sistent comparison of computational scalability under maximum-load, 
realistic, and high-fragmentation conditions.

6.2.  Classification performance

We will first determine which algorithm is best in terms of accuracy 
in classifying materials. To do this, we will count the number of pixels 
that have been correctly classified. In addition, we will show the num-
ber of correctly sorted pieces. In Table 1, we show the percentage of 
correctly classified pixels with respect to the total pixels of the material 
pieces. As can be seen, the ANN-based algorithm performs better than 
the SAM-based algorithm, with a 99.9% success rate compared to 98.0% 
for SAM-based one for all scenarios. Table 1 also shows the percentage 
of segmented objects well classified, being the percentage of success for 
both algorithms 100%.

In Fig. 7 we show the sorting result of the four materials according to 
Scenario 2 for both SAM-based and ANN-based algorithms, as well as the 

Table 1 
Accuracy: Percentage of Correctly Classified Pixels for SAM-based and 
ANN-based algorithms.

 SAM-based  ANN-based

Percentage of Correctly Classified Pixels (%)  97.9  99.9
 100.0  100.0

object detection performed by the segmentation process. As can be seen, 
the ANN-based algorithm performs slightly better than the SAM-based 
algorithm. Furthermore, the only object that is not accurately classified 
by both algorithms is the white PS, which is semi-transparent. This mis-
classification means that the contour of the object is incomplete and, 
although it is recognised as an object, its centroid is incorrect. The be-
haviour is similar for scenarios 1 and 3, where the only misclassifications 
are for semi-transparent PS objects.

6.3.  Computational performance

As stated in Section 4, when the application starts, the main thread 
spawns four additional threads to prevent contention or delays that 
could compromise timing constraints. The thread named camera is sub-
ject to the strictest real-time requirements, as it must complete its op-
erations within the 1.493𝑚𝑠 available between two consecutive hyper-
spectral camera acquisitions at maximum camera frame rate (670 fps). 
This thread is responsible for pre-processing and classifying the pixels 
of each new camera line upon receiving a new acquisition trigger. These 
accelerated operations are analysed in detail in this section.

6.3.1.  Computational evaluation of the pre-processing stage
As explained in Section 5.1, the double normalisation pre-processing 

differs slightly depending on whether the SAM-based or the ANN-based 
classification method is used. Unlike SAM-based, the ANN-based ap-
proach does not require pre-sorting pixels by conveyor belt. Neverthe-
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Fig. 7. Tracking area of the objects segmentation of the 4 materials using SAM-based and ANN-based methods.

Table 2 
Pre-processing time and standard deviation, speed-up, and efficiency vs. num-
ber of threads (static schedule, no thread binding, Scenario 1).

 Number of threads
 1  2  3  4  5  6  7  8

 Time (𝜇s)  191.9  104.6  74.0  57.0  48.0  44.2  43.2  41.2
 St. Dev.  19.6  23.1  24.6  21.2  22.2  22.9  25.4  24.8
 Speed-up  -  1.8  2.6  3.4  4.0  4.3  4.4  4.7
 Efficiency  -  92%  86%  84%  80%  72%  63%  58%

less, all computational results presented in this section incorporate the 
corresponding pre-processing step.

Table 2 shows the preprocessing times, including the pre-sorting step 
described above, based on the number of OpenMP threads used with a 
static schedule where the chunk size is set to the maximum possible 
so that all threads are assigned the same work. In this configuration, 
the operating system (Windows 11) handles the assignment of threads 
to cores and can migrate threads between cores if necessary. Table 2, 
which corresponds to Scenario 1, also shows teh standard deviation, 
the speedup and the parallel efficiency. All values represent the average 
processing time calculated over the 12,000 lines of this scenario.

As can be seen the parallelisation performed gives good performance, 
although the computation times are small, in the order of microseconds. 
Our goal is to make the system meet real-time requirements and be scal-
able. The standard deviation computed over the 12, 000 values serves as 
a strong indicator of system stability, a point that will be discussed fur-
ther in Section 7.

The following is an analysis of the behaviour when using dynamic
scheduling instead of static scheduling. Table 3 shows the pre-processing 
execution times when dynamic scheduling and different chunk sizes are 
used.

Tables 2 and 3 show that the overhead introduced by using dynamic
scheduling with different chunk sizes, as opposed to static scheduling, is 
not justified in the context of this pre-processing step. The expected ben-
efit of dynamic scheduling, correcting potential load imbalance across 
threads, does not translate into improved performance here. On the con-
trary, the execution times are slightly higher, and the efficiency tends 
to degrade as more threads are used. This overhead not only affects the 
average performance, but also increases result variability, as reflected 
in the higher standard deviation values observed. This behaviour is ex-
plained by the nature of the pre-processing task, where there is no intrin-
sic load imbalance: the computational cost associated with processing 

each pixel is identical, with no conditional branches or data-dependent 
divergence (except in pre-sorting pixels).

As discussed in Section 5, one level of optimisation is to bind threads 
to specific physical cores. In this setup, each thread, whether created ex-
plicitly by the main thread or implicitly within OpenMP parallel regions, 
is assigned to a fixed core, preventing the operating system from migrat-
ing it between cores during execution.

It is important to note that the thread that initiates an OpenMP par-
allel region acts as the master thread (with identifier 0) within that 
region and therefore retains its original core assignment. In contrast, 
the remaining threads require explicit core binding. Table 4 shows the 
pre-processing computing times when this thread binding is applied. 
Comparing the results of Tables 2 and 4, a significant improvement 
is shown in both execution time and parallel efficiency when binding 
thread placement is applied. As expected, this improvement becomes 
more pronounced as the number of threads in parallel region increases. 
This is largely due to the fact that without thread binding, multiple 
threads, including those from the application and operating system, can 
be scheduled on the same physical core, leading to resource contention 
and reduced performance.

The results presented for Scenario 1 are consistent with those ob-
tained for scenarios 2 and 3, both in terms of trends and magnitude of 
performance. Table 5 compare the results for these scenarios using the 
optimal parameter settings identified in the evaluation of Scenario 1. 
The differences in execution times are minimal and can be attributed 
to transient system conditions, such as CPU scheduling and background 
activity.

6.3.2.  Computational evaluation of the ANN-based classifier
To reduce costs, GPUs have not been included in the project’s com-

puting system. Consequently, we use the CPU-only version of Tensor-
Flow during the inference stage of our material classification process. By 
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Table 3 
Pre-processing time and standard deviation, speed-up, and efficiency vs. number of 
threads (dynamic schedule, no thread binding, Scenario 1).

 Number of threads
 1  2  3  4  5  6  7  8

 Schedule: dynamic, chunk size = 5
 Time (𝜇s)  195.06  110.04  105.59  100.08  52.75  50.89  52.38  52.82
 St. Dev.  24.96  27.62  37.48  37.11  25.33  34.37  35.05  35.62
 Speed-up  -  1.8  1.8  1.9  3.7  3.8  3.7  3.7
 Efficiency  -  89%  62%  49%  74%  64%  53%  46%

 Schedule: dynamic, chunk size = 10
 Time (𝜇s)  198.20  105.54  74.48  74.00  52.03  71.80  61.94  57.20
 St. Dev.  33.80  19.79  20.67  38.71  25.82  39.53  32.71  42.83
 Speed-up  -  1.9  2.7  2.7  3.8  2.8  3.2  3.5
 Efficiency  -  94%  89%  67%  76%  46%  46%  43%

Table 4 
Pre-processing time and standard deviation, speed-up, and efficiency vs. number 
of threads (static schedule, thread binding, Scenario 1).

 Number of threads
 1  2  3  4  5  6  7  8

 Time (𝜇s)  193.4  103.8  71.7  55.8  46.3  41.2  35.6  31.4
 St. Dev. (𝜇s)  19.6  23.1  24.6  21.2  22.2  22.9  25.4  24.8
 Speed-up  -  1.9  2.7  3.5  4.2  4.7  5.4  6.2
 Efficiency  -  93%  90%  87%  84%  78%  78%  77%

Table 5 
Pre-processing time vs. number of threads (static schedule, thread binding).

Time (𝜇s)  Number of threads
 1  2  3  4  5  6  7  8

 Scenario 1  193.4  103.8  71.7  55.8  46.3  41.2  35.6  31.4
 Scenario 2  199.4  109.6  75.4  58.9  48.4  42.8  37.3  32.5
 Scenario 3  201.4  104.5  71.9  55.1  47.5  39.9  35.5  31.0

Table 6 
Classification time of the ANN-based classifier vs. number of 
threads.

Time (𝜇s)  Number of threads
 1  2  4  8  32

 Scenario 1  227.95  220.18  230.86  305.07  336.10
 Scenario 2  227.93  220.17  230.84  305.07  336.09
 Scenario 3  227.93  220.16  230.84  305.07  336.09

default, TensorFlow leverages all available system resources, 32 CPU in 
our platform, for intra-operation and inter-operation parallelism during 
computation. However, this behavior can be explicitly modified at the 
session level by passing a serialised ConfigProto message to the TF_Set-
Config function, allowing control over thread usage via the intra_op_par-
allelism_threads and inter_op_parallelism_threads fields.

The intra_op_parallelism_threads parameter is a session-level configu-
ration parameter that determines the maximum number of threads that 
can be used to execute individual operations in parallel within a single 
op context. This setting controls intra-operation parallelism, meaning 
how much parallel computation is allowed internally when performing 
complex operations such as matrix multiplication or convolution.

As shown in Table 6, the inference process in this project does not 
exhibit scalability; that is, increasing the number of CPU cores does not 
lead to reduced execution times. On the contrary, unless the system is 
explicitly configured to use a single core, the inference times may ac-
tually increase. The worst-case scenario occurs when no thread limit is 
specified, in which TensorFlow uses the maximum number of available 
threads, leading to the longest computation times observed.

As shown in Table 6, the inference times do not differ significantly 
across scenarios, indicating that the computational cost remains stable. 

Although the use of two threads slightly reduces execution time, the im-
provement is not substantial. While the current setup meets real-time 
requirements, the limited potential for further acceleration may imply 
that more demanding configurations, such as those involving higher res-
olution, frame rates, or spectral complexity, might fail to do so, thereby 
limiting the scalability of the system.

6.3.3.  Computational evaluation of the SAM-based classifier
Unlike the previous case, and as in the pre-processing step, the SAM-

based classification method was implemented without the use of exter-
nal libraries. Although some input data resides in OpenCV structures 
due to other processing, OpenCV itself is not used within the algorithm. 
Instead, the implementation was fully optimised experimentally, with 
additional enhancements as described in Section 5.

To meet the real-time requirements imposed by the hyperspectral 
imaging system, it was necessary to optimise the initial sequential im-
plementation of the processing pipeline. To improve the performance, 
all required operations are precomputed at the application startup. This 
optimisation corresponds to a modification of Algorithm 3, which is pre-
sented in Algorithm 7.

Algorithm 7 Optimised Spectral Angle Mapper (SAM) Computation.
1: function SAM(Spectrum, Pattern, norm_pattern)
2:  dot_product ← Spectrum ⋅ Pattern
3:  norm_spectrum ← ‖Spectrum‖

4:  angle_cosine ←
dot_product

norm_spectrum ⋅ norm_pattern
5:  𝜃 ← arccos(angle_cosine)
6:  return 𝜃
7: end function
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Table 7 
Classification time (𝜇𝑠) of the SAM-based classifier vs. number of threads and scheduling.
 Schedule  1  2  3  4  5  6  7  8

 Scenario 1
 static  179.16  96.10  65.41  52.44  40.92  35.64  31.13  26.55
 dynamic, 5  181.95  100.63  70.24  53.78  44.79  37.68  33.04  29.37
 dynamic, 10  180.45  99.79  73.06  54.48  42.70  38.57  32.89  30.80

 Scenario 2
 static  100.74  58.51  47.05  42.75  35.25  28.95  27.29  22.84
 dynamic, 5  102.55  60.93  44.13  36.21  31.50  27.78  25.51  23.54
 dynamic, 10  99.86  59.58  42.64  33.96  29.21  26.48  24.64  21.73

 Scenario 3
 static  144.05  83.51  60.79  49.05  40.92  37.25  31.77  28.99
 dynamic, 5  147.23  88.01  61.93  48.84  39.23  35.54  32.53  28.53
 dynamic, 10  144.76  82.85  58.36  46.29  38.32  33.76  30.15  27.15

Table 8 
Average segmentation time.

 Time 400 lines (𝜇s)  Avg. Time per Line (𝜇𝑠)
 Scenario 1  50588.0  126.47
 Scenario 2  47893.0  119.73
 Scenario 3  53984.0  134.96

Thread binding was used in all the experiments presented below. 
As shown in the pre-processing analysis, thread binding contributes to 
improve the computational efficiency, especially when the number of 
threads in OpenMP parallel regions increases. In Table 7, we show clas-
sification execution times using the accelerated SAM-based algorithm 
under three configurations: static scheduling with the largest chunk size, 
and dynamic scheduling with chunk sizes of 5 and 10.

The sequential computational cost (i.e., execution with a single 
thread) differs across scenarios due to the pre-sorting applied to the 
input data. In scenarios where pixels have already been sorted by con-
veyor belt threshold, redundant sorting is avoided, which reduces the 
overall computation time. Because all pixels are analysed in Scenario 1, 
this scenario allows us to conclude that the SAM-based classifier outper-
forms the ANN-based method in terms of execution time. Moreover, the 
SAM-based classification allows for effective parallelisation of the code, 
achieving execution times approximately 10 times faster than those of 
the ANN-based one. Since the dynamic schedule with a chunk size of 10 
yields better results in scenarios 2 and 3, it should be considered the de-
fault scheduling strategy, unless an experimental analysis is performed 
under specific conditions.

6.3.4.  Computational evaluation of the segmentation stage
As indicated in Section 4.2, the segmentation process is a common 

step regardless of the classification algorithm used. One segmentation 
process is performed at least every 400 newly classified lines, this num-
ber being configurable in the configuration parameters of the software 
application. Table 8 shows the execution times required to perform this 
segmentation process in microseconds for the different scenarios evalu-
ated. As can be seen, in the worst case (Scenario 3), the average time per 
line to perform the segmentation is 134.96 𝜇s. This means that this pro-
cessing stage does not require the application of parallelism techniques, 
since there is a large margin of time available for this stage, since the 
maximum time available would be 1.493𝑚𝑠 at the highest camera fre-
quency (670 fps).

7.  Discussion

This work presents the development and evaluation of a computa-
tional system for controlling a machine designed to sort recyclable ma-
terials. In particular, a modular software architecture has been imple-
mented with two main objectives: first, to meet the real-time require-
ments of the system and second, to ensure that the system is scalable and 

adaptable to new configurations, with higher computational demands, 
such as increased resolution, throughput, number of material types to 
be classified, or spectral complexity.

Given the nature of the project, the computing platform integrated 
into the industrial machine is dedicated exclusively to its operation. Ac-
cordingly, our proposal assumes full and exclusive use of this platform. 
The machine is not an isolated system, it is connected and has communi-
cation capabilities. Therefore, all results presented have been obtained 
with the system fully connected and running the operating system. It 
should also be noted that one of the constraints imposed by the indus-
trial partner is that the development must be carried out under the Win-
dows operating system.

The computing system employed can be considered a high-end 
desktop-class platform, offering a relatively powerful configuration for 
its category, but without incorporating dedicated hardware accelera-
tors such as GPUs. Despite delivering acceptable performance for the 
intended tasks, its cost remains very low in the context of the full indus-
trial installation.

The exclusive use of the computing platform within the industrial 
system has enabled the development of a highly efficient and scalable 
software. A key aspect of the system’s design is its two-level workload 
distribution strategy: at the first level, separate threads are assigned to 
the main software components, and at the second level, performance-
critical computations are further accelerated using parallelisation tech-
niques to minimise execution time.

The results show that both levels of work distribution achieve sig-
nificantly better performance when thread placement or binding is ex-
plicitly managed by the developed software architecture, rather than 
relying on the default operating system scheduling. As required by the 
industrial constraint to develop under the Windows operating system, 
thread affinity is managed using the Windows API that allows binding 
each thread to a specific physical core through an affinity mask. This 
prevents the operating system from migrating threads across cores. Im-
portantly, logical processors provided by SMT are deliberately not used, 
so only physical cores are targeted. As a result, the maximum number of 
processes generated by our software is limited to 12, out of the 16 avail-
able physical cores, reserving 4 cores primarily for operating system and 
other background processes.

In the parallelisation techniques used, for the second level of work-
load distribution, two types of schedules were analysed, one static and 
one dynamic. In the pre-processing stage, it was shown that the static 
distribution is preferable, where no load imbalance is present. In the 
case of classification stage with the SAM-based algorithm, where there 
is load imbalance due to the previous pre-sorting, the dynamic distribu-
tion slightly improves the computation times. However, the relevance of 
this improvement is not significant due to the increased time cost of the 
dynamic distribution compared to the static one. In cases where load bal-
ance is uncertain due to potential interference from external processes, 
dynamic scheduling becomes the more appropriate choice. However, in 
our case, this situation does not arise, as the system is used exclusively 
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by the application, ensuring stable and predictable workload distribu-
tion.

The experimental results were obtained using three different scenar-
ios that cover representative configurations in terms of computational 
load. Each scenario consists of 12,000 lines of hyperspectral data. In 
particular, Scenario 1 was designed to represent the worst-case process-
ing condition. While preprocessing is performed for all pixels in every 
scenario, classification is only applied to pixels identified as material. 
In Scenario 1, all pixels correspond to material, and therefore both pre-
processing and classification are executed for the entire image, with no 
background (conveyor belt) regions to be excluded.

These three scenarios effectively represent different workload 
regimes, ranging from maximum spectral processing load (Scenario 1) 
to experimentally acquired configuration (Scenario 2) and high object 
fragmentation (Scenario 3). Therefore, the reported results provide a 
throughput evaluation under varying computational conditions without 
modifying hardware or acquisition parameters.

This work has presented two classification methods, both of which 
achieved very good sorting performance, with slightly better accuracy 
observed in the ANN-based approach compared to the SAM-based one. 
However, the accelerated computation times of the SAM-based method 
are significantly lower than those of the ANN-based method. In terms of 
acceleration, it should be highlighted that the ANN-based method was 
executed using the CPU version of the TensorFlow library, as our system 
does not rely on GPU acceleration. In the case of the ANN-based method, 
the computational cost increases due to the growth of the network size; 
however, this increase is not proportional to the number of reference 
patterns, as it is in the SAM-based method. It should also be recalled that, 
in the SAM-based method, a pre-sorting step was performed to avoid 
classifying conveyor belt pixels. On the other hand, incorporating new 
patterns in the SAM-based method does not require software changes, 
while the ANN-based method necessitates retraining the neural network. 
This last aspect is crucial, as it favours the use of the SAM-based method 
for the development of versatile and adaptable systems.

From a scalability perspective, the computational cost of the pre-
processing stage scales approximately linearly with both the spectral 
dimensionality and the spatial resolution of the sensor, since operations 
are applied per pixel across all spectral bands. The computational scal-
ability of the classification stage differs between the two approaches. In 
the SAM-based method, the computational cost increases approximately 
linearly with the number of material classes (considering a number of 
spectral bands), since the spectral angle must be computed between each 
pixel and every reference material signature. Consequently, adding new 
material classes directly increases the number of required comparisons. 
In contrast, for the ANN-based method, the inference cost is primarily 
determined by the network architecture and input dimensionality. In-
creasing the number of material classes typically affects only the size 
of the output layer, resulting in a comparatively moderate increase in 
inference cost rather than a proportional growth with the number of 
reference patterns. Therefore, the computational scalability behaviour 
of both methods differs significantly when the number of classes is ex-
panded.

Operational scalability also differs between both approaches. While 
the SAM-based method allows new material classes to be incorporated 
by simply extending the reference signature set, the ANN-based ap-
proach requires network retraining to accommodate additional outputs. 
This difference has practical implications in dynamic industrial environ-
ments where material categories may evolve over time.

Under the evaluated configuration (150 spectral bands and 640 spa-
tial pixels per line), and considering the worst-case computational sce-
nario executed using 8 processing threads, the combined preprocessing 
and SAM-based classification time was measured at 59𝜇s per line. This 
execution time corresponds to a theoretical maximum processing fre-
quency of approximately 17 kHz, which is more than 25 times higher 
than the current acquisition rate of 670 fps (1.493 ms per line). Assum-
ing linear scaling with respect to spatial resolution and spectral dimen-

sionality, this margin implies that, while maintaining the same hard-
ware and acquisition frequency, the system could support on the order 
of 16,000 spatial pixels per line or nearly 3800 spectral bands within 
the available per-frame budget.

Expressed in terms of spectral throughput, the evaluated configura-
tion (150 spectral bands and 640 spatial pixels per line) processes 96000
spectral samples per line. Considering the average measured processing 
time of 59𝜇𝑠 per line, the proposed architecture would theoretically sup-
port up to approximately 16.3 × 108 spectral samples per second under 
the same hardware conditions. This capacity exceeds the data through-
put of several commercially available high-throughput hyperspectral 
cameras discussed previously, such as the XIMEA MX022HG-IM-SM5X5-
NIR2-FL (7.53 × 108 spectral samples per second) and the ULTRIS 5 HFR 
system (2.77 × 108 spectral samples per second). These comparisons con-
firm that the proposed software architecture can accommodate sensors 
with significantly higher spatial or spectral sampling rates without com-
promising real-time operation.

Regarding the number of material classes, preprocessing time re-
mains constant, and the SAM-based classification stage scales approx-
imately linearly with the number of reference signatures. Under these 
conditions, the available classification budget of 1.461 ms would theo-
retically allow up to approximately 216 material classes before reach-
ing the real-time limit. Moreover, approximately 33 classes would be 
required for the SAM-based method to match the total execution time 
of the ANN-based implementation. These projections indicate that the 
proposed architecture preserves a substantial computational margin for 
higher-resolution sensors, alternative camera models, expanded mate-
rial libraries, and more demanding industrial configurations.

Although the proposed software architecture is largely independent 
of the specific hyperspectral sensor employed, except for the commu-
nication interface and data acquisition layer, changes in sensor type 
or spectral characteristics may require adjustments at the calibration 
and classification levels. In particular, radiometric references (white and 
dark calibration) and material spectral signatures must be updated when 
different sensors or illumination conditions are used. In the case of the 
SAM-based method, this process involves redefining the reference and 
end-members signatures, which can be performed efficiently. For the 
ANN-based approach, however, changes in spectral response may re-
quire retraining of the neural network.

Furthermore, certain preprocessing stages may depend on opera-
tional conditions such as illumination variability, dust presence, sensor 
drift, or environmental factors affecting spectral stability. For this rea-
son, the system has been designed to operate with a significant computa-
tional margin between acquisitions, allowing additional preprocessing 
or compensation strategies to be incorporated without compromising 
real-time performance.

Recent reviews highlight the increasing adoption of deep learn-
ing and hybrid spectral-spatial approaches across diverse hyperspectral 
imaging applications [5]. While these trends demonstrate significant ad-
vances in modelling capability, practical industrial deployment often 
remains constrained by real-time requirements, hardware cost, and sys-
tem integration considerations. In this context, optimized CPU-based 
architectures continue to provide a competitive and scalable solution 
for time-critical inspection tasks.

Although the proposed implementation relies exclusively on CPU-
based processing, a design choice driven primarily by cost consider-
ations, the scalability analysis shows that substantial computational 
headroom is available; therefore, hardware acceleration is not required 
under the evaluated conditions.

However, GPU-based acceleration may become relevant in future 
expansion scenarios. For example, this could occur if additional non-
classification processing, such as deep learning-based segmentation, re-
quires GPU execution, or if a significant increase in spectral, spatial, 
or frequency resolution, or the adoption of more complex neural archi-
tectures for classification, increases the computational demand beyond 
the current margins. In such cases, the processing strategy should shift 
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from the current line-based model to a window-based scheme, thereby 
reducing the overhead associated with frequent small data transfers and 
allowing sufficiently large computational batches to efficiently exploit 
GPU parallelism. This approach would enable effective utilization of 
hardware accelerators while preserving the modular structure of the 
proposed architecture.

Although the experimental validation has been conducted on a spe-
cific industrial prototype, the proposed architecture has been deliber-
ately designed to ensure adaptability across diverse industrial environ-
ments. Regarding illumination conditions, the current setup employs 
broad-spectrum halogen lamps under cost-constrained industrial set-
tings. In scenarios where higher-quality or spectrally optimized light-
ing systems are used, for example, narrow spectral range illumination 
or uniform intensity profiles, the preprocessing requirements would be 
simplified, reducing computational cost and further increasing real-time 
margins.

Concerning sensor variability, the software architecture is decou-
pled from the specific acquisition hardware. As mentioned, modifica-
tions in communication interface (e.g., Camera Link, GigE), spectral 
range, or spatial resolution only affect the data acquisition layer and 
parameter configuration, without altering the core software structure. 
While changes in spectral or spatial resolution may modify real-time 
constraints, the system has demonstrated substantial temporal margin, 
ensuring scalability toward higher acquisition rates or increased data 
dimensionality.

Material heterogeneity across industrial facilities is addressed 
through the modular classification framework. As previously stated, the 
number of end-members can be extended without architectural modifi-
cations in the SAM-based approach, and additional classes can be incor-
porated in the ANN-based method via retraining. In cases of increased 
spectral variability or more complex material compositions, the system 
can operate using the full set of available spectral bands or even inte-
grate sensors with higher spectral resolution. The experimental results 
show that sufficient computational headroom exists to accommodate 
such increases in spectral dimensionality.

On the other hand, conveyor belt speed is primarily determined by 
industrial installation parameters, including pixel ground sampling dis-
tance and material stability during transport. High speeds may induce 
unwanted displacement in lightweight or irregular materials, potentially 
affecting robotic picking accuracy. For this reason, conveyor velocity 
must be tuned according to material properties and mechanical con-
straints. The proposed architecture does not impose intrinsic speed lim-
itations beyond those defined by acquisition timing, and the demon-
strated processing margin ensures compatibility with a broad range of 
industrial throughput requirements.

8.  Conclusions

The proposal of a versatile and scalable industrial system has been 
validated, demonstrating its feasibility and its ability to meet real-time 
processing requirements. An efficient and scalable software architecture 
has been developed for real-time industrial material classification based 
on hyperspectral imaging (HSI).

The proposed software architecture distributes the distinct first-level 
processing stages across independent threads (heterogeneous paralleli-
sation), while homogeneous parallelisation is applied at the second level 
using high-performance computing techniques on multicore CPU sys-
tems. A detailed evaluation of computational requirements and the ef-
fectiveness of various acceleration strategies, including OpenMP, thread 
affinity, and static and dynamic workload distribution has demonstrated 
the system’s ability to meet real-time constraints with a significant mar-
gin, thereby guaranteeing scalability under more demanding workloads.

The scalability of the system is influenced by multiple factors, in-
cluding the number of spectral bands processed. In our prototype, 150 
out of the 224 available bands were used for classification purposes. 
The system is also scalable with respect to the spatial resolution of the 

sensor, 640 pixels per line in our case, and the acquisition rate, which 
reached up to 670 frames per second. Additional scalability dimensions 
include the speed and dimensions of the conveyor belt, the number of 
robotic arms deployed for picking operations, the inclusion of RGB cam-
eras, and the configuration of the illumination system, which may affect 
pre-processing complexity and computational load. Beyond these phys-
ical aspects, the system has also been designed to support algorithmic 
and computational scalability. Its modular architecture allows for the 
integration of more sophisticated pre-processing, classification, or seg-
mentation algorithms without altering the entire processing pipeline.

Two classification methods have been developed and analysed in the 
context of the addressed problem: one based on Artificial Neural Net-
works (ANN) and the other on the Spectral Angle Mapper (SAM) algo-
rithm. Both achieved good classification accuracy, however, the SAM-
based method proved to be more computationally efficient and easier 
to adapt to new materials, making it a more versatile solution for dy-
namic industrial environments. In contrast, the ANN-based approach is 
preferable when the number of distinct materials to be sorted increases 
significantly, as it can handle greater complexity once properly trained.

Future lines of development include the use of hardware acceler-
ation with GPUs to support more computationally demanding tasks, 
which would enable the incorporation of intensive pre-processing tech-
niques, such as Savitzky-Golay filtering, to increase the interval between 
system recalibrations and prolong uninterrupted operation; and the in-
clusion of heuristic algorithms and associated optimization functions, 
which must be specifically designed, to determine the order in which 
parts are picked.

In particular, when segmentation challenges arise due to intrinsic 
material properties, such as partial transparency in white PS, several 
alternative strategies could be considered. One option would be the in-
tegration of deep learning-based segmentation instance methods, which 
jointly exploit spectral and spatial information to improve contour re-
construction in optically complex materials. In such scenarios, the use of 
GPU acceleration under a window-based processing scheme will be ex-
plored to efficiently handle the increased computational demand while 
preserving real-time constraints. Alternatively, the modular design of 
the proposed architecture allows the incorporation of an additional RGB 
vision camera to enhance contour definition in cases where hyperspec-
tral contrast alone is insufficient. Since the software framework sepa-
rates acquisition, preprocessing, classification, and segmentation stages, 
the integration of such complementary inputs would not require struc-
tural modifications to the core architecture.
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