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Abstract: Waste material classification is critical for efficient recycling and waste management. This
study proposes a novel, low-cost material classification system based on a single, voltage-tunable Ge-on-
Si photodetector operating across the visible and short-wave infrared (SWIR) spectral regions. Thanks to
its tunability, the sensor is able to extract spectral information, and the system effectively distinguishes
between seven different materials, including plastics, aluminum, glass, and paper. The system operates
with a broadband illuminator, and material identification is obtained through the processing of the
photocurrent signal at different bias voltages with classification algorithms. Here, we demonstrate the
basic system functionality and near real-time classification of different waste materials.

Keywords: dual-band photodetector; material classification; machine learning algorithm; optical sensor

1. Introduction

The escalating volumes of non-degradable waste materials like plastics, glass, paper,
and aluminum pose significant challenges to modern societies, which require increasingly
novel approaches to waste management. While eliminating these materials entirely may
be unrealistic, innovative approaches to waste management are essential. Fortunately,
advancements in automated sorting techniques offer a promising solution for improving
recycling efficiency. These techniques utilize advanced sensors and mechanical methods
to swiftly sort materials based on their characteristics. A computer system determines
their destination, and mechanical processes separate them accordingly. Despite recent
advances, both in terms of costs and functionalities, further optimization of automated
sorting systems is required to stimulate their adoption, both in industrial recycling facilities
and for low-volume waste management facilities closer to the waste generation point.

Automated waste sorting employs both direct and indirect techniques. Direct sorting
methods use material properties like magnetism, conductivity, and density, employing
techniques such as magnetic and gravity separation for simultaneous characterization
and sorting [1]. Indirect sorting methods first analyze material properties using sensors,
followed by a separate physical process to achieve material separation. Techniques such as
X-ray fluorescence (XRF), laser-induced breakdown spectroscopy (LIBS), and optical sensor-
based sorting fall within this category [2]. Optical sensor-based sorting detects material
properties through light interactions like reflectance and absorption, often using machine
learning to quickly and accurately classify materials by their optical signatures [3,4]. While
optical sensors offer a powerful tool for waste sorting, other sensor technologies have their
own niches and limitations. For instance, X-ray sensors might be crucial for identifying
hazardous materials within the waste stream and eddy, and magnetic sensors may excel
at identifying specific material types, but they often have limitations regarding the size of
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objects they can effectively detect. Also, the effectiveness of LIBS is constrained by factors
such as the temperature of plasma excitation, the collection efficiency of emitted light, and
the intensity of the observed spectral lines. Additionally, a key limitation of LIBS is the
extremely small sample volume, which can lead to sampling bias [5].

Optical sensors offer manyfold advantages in waste management; they provide non-
contact sensing, fast and non-destructive analysis, and support for multi-criteria sorting
based on color, shape, size, and texture. The introduction of spectral imaging, such as
multi/hyperspectral imaging, combining spatial and spectral data, is expected to increase
the classification capability significantly, thanks to the exploitation of the material optical
properties [6]. Moreover, machine learning algorithms act as intelligent assistants, analyzing
large datasets to identify patterns and make automated decisions, enhancing automated
sorting processes for the faster, more consistent completion of repetitive tasks [7]. These
technologies find applications not only in waste management [8–11] but also in fields like
food, pharmaceuticals, forensics, and surface analysis [12–15].

Unfortunately, the widespread adoption of hyperspectral systems faces challenges
such as the high cost and the need for fast computers, sensitive detectors, extensive
training data, and complex algorithms to accurately classify materials based on visual
appearance [16]. An easier approach consists of ditching imaging capabilities while fo-
cusing on the spectral analysis of waste materials. While the initial cost of implementing
spectroscopy can be a factor, compact spectrometers offer significant advantages. These
instruments provide faster analysis and achieve higher spectral resolutions with respect to
imaging systems [17]. Therefore, they are useful in more complex waste streams, where
material differentiation based on chemical composition is crucial.

A material’s unique characteristics are often revealed across multiple spectral do-
mains, and several systems realized with off-the-shelf electronics and operating in the
SWIR and MIR have already been demonstrated for high-accuracy and cost-effective waste
classification [18–23]. Despite the outstanding results reported in the literature, spectro-
scopic systems often rely on several different light sources or on diffractive optical elements,
thus implying high complexity and increased costs.

To address these disadvantages, we propose a material classification system based on a
voltage-tunable photodetector, which is based on a germanium-on-silicon epitaxial structure
with two back-to-back connected photodiodes. Operating at a low bias
(−1 V < Vb < 1 V), it can selectively detect either within the 400–1100 nm or
1000–1600 nm windows. In addition, by sweeping the applied voltage, its spectral response
can be continuously changed, providing information related to the spectral characteristics of
the optical radiation, thus allowing for the analysis of the reflectance characteristics of waste
materials without resorting to bulky spectral analysis equipment.

Here, we demonstrate the exploitation of this device for the characterization and
classification of waste materials through automatic data analysis with machine learning
algorithms. This approach offers both in-depth analysis and rapid identification of diverse
materials, including four types of polymers, glass, aluminum, and paper. By combining
the power of spectral analysis and machine learning, the proposed system may represent a
significant advancement in waste sorting technology, paving the way for accurate, efficient,
and non-destructive material classification, and fostering research and development efforts
in this promising field.

2. Materials and Methods
2.1. Ge-on-Si Dual-Band Photodetector

The key innovation behind this system lies in the electrically tunable dual-band pho-
todetector [24]. This patented device is provided by Eye4NIR S.r.l. (Calolziocorte, Italy),
and it is fabricated through monolithic integration, essentially combining two back-to-back
connected photodiodes (PDs)—each featuring a unique absorption band—into a single unit
[as illustrated in Figure 1a]. By applying a specific voltage bias (Vb), we can electronically
control which photodiode is active. Figure 1b shows the epitaxial stack structure of the device.
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Figure 1. (a) Schematic representation of device and its principle of operation. (b) Epitaxial structure.
(c) Spectral responsivity of dual-band photodetector at different voltage biases. (d) Reflectance spectra
of different waste materials.

A positive bias (Vb) enhances the sensitivity of the Si photodiode to shorter, visible
wavelengths (400–1100 nm), as shown by the upshift in the spectral response. Conversely,
reversing the bias polarity activates the second photodiode (Ge), enabling the detection of
longer, near-infrared wavelengths (SWIR: 1000–1600 nm). This is evident in Figure 1c, where
the measured spectral response progressively decreases in the visible range and increases in
the SWIR range as the voltage bias is swept from +0.45 V to −0.5 V. This makes the device
suitable for extracting spectral information about the impinging optical radiation. Figure 1d
shows the typical reflectance spectra of several different waste materials gathered with
a compact spectrometer system from OceanOptics (Orlando, FL, USA). All the materials
show peculiar characteristics in the 400–1600 nm wavelength range, thus suggesting that
the double-diode device herein described could be effectively employed to obtain spectral
information from the light reflected by the waste samples.

2.2. Sample Set

This study focuses on classifying waste materials by selecting commonly encountered
waste items: paper, glass, aluminum, and four types of plastic, namely polyethylene
terephthalate (PET), polypropylene (PP) in both transparent and white forms, and AB400L,
a composite polymer of polylactic acid (PLA) and polybutylene succinate. Due to the
limitations of SWIR spectroscopy for analyzing dark-colored samples [25], only white and
transparent materials were used in this study. It is important to acknowledge that the
materials are in the form of flakes and pellets, which may not fully represent the physical
properties of real-world waste. Notably, except for the plastics, all materials were sourced
from a waste bin. Photographs of the samples used in the research are given in Figure 2.
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Figure 2. Samples used in the research.

2.3. Measurement System

A sketch of the experimental measurement setup is shown in Figure 3. The Ge-on-Si
photodetector is housed in a 3D-printed plastic holder (the “sensor head”), limiting the
field of view of the sensor in order to reduce the effects of unwanted light reflections.
Illumination is provided by a halogen lamp. The diffused reflected light from the sample
is modulated by a chopper mounted in front of the aperture of the sensor head. The
transimpedance amplifier (TIA) amplifies and converts the photocurrent generated by the
photodetector into a proportional voltage signal with gain and provides the bias voltage. A
lock-in amplifier is used to enhance the sensitivity, improving the signal-to-noise ratio and
canceling the photodetector dark current, thanks to the homodyne detection operated by
the lock-in at the chopper frequency. A PC running a custom LabVIEW program manages
the measurement providing the data acquisition and timing. Preliminary tests allowed for
the optimization of the system geometry (i.e., distance and angle between the sensor, the
sample, and the light source).
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Preliminary measurements explored a voltage bias range of −1 V to 1 V with two
different sampling intervals: 20 mV and 40 mV. Both approaches yielded similar accuracy.
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Notably, within this range, we observed significant variations in the spectral response of
the sensor, particularly between −0.5 V and −0.2 V, owing to differences in the reflectance
spectra of the different material samples. Such spectral fingerprints allowed for effective
differentiation between materials. Based on these findings, we have narrowed the focus of
further measurements to the −0.5 V to −0.2 V range with a sampling resolution of 6 mV.

2.4. Data Acquisition

The data acquisition parameters were optimized to guarantee stable measurements.
All measurements were taken using a time integration of 100 ms and a time delay of
1 s. To ensure accurate measurements and minimize potential artifacts from preferential
reflection angles within the material grains, each sample box underwent shaking prior
to every measurement. Over the course of six separate days, fifty measurements were
collected for each of the seven materials, resulting in a robust dataset comprising 6 distinct
day-based datasets of 350 photocurrent curves each. This comprehensive approach yielded
a total of 2100 curves across all materials, providing a solid foundation for the subsequent
analysis and discussion of the results.

The timing parameters used for data acquisition imply long measurement times. While
this is acceptable during the system training, faster acquisitions are desirable during opera-
tion. In order to optimize the performance of the system, we investigated the classification
accuracy for data acquired with a shorter delay and integration time (Section 3.2).

Before classification, all the photocurrent curves underwent normalization within
the 0–1 interval using a min–max normalization method. Normalization is a crucial
preprocessing step that transforms all variables to a common scale. This ensures that
each variable contributes equally to the subsequent analysis, regardless of its original unit
or range.

Figure 4 shows the photocurrent response of various materials obtained through the
tunable dual-band photodetector, following data normalization and zooming in on a small
magnitude range for better visibility. The curves for glass and aluminum are easily distinguish-
able from the other materials under investigation. Glass features a low photocurrent across the
whole voltage range, with a sharp increase at −0.4 V, indicating low light reflection until this
threshold. Aluminum, on the other hand, features a much higher photocurrent, especially at
lower voltages, due to its high reflectivity. PET and PP transparent have similar photocurrent
curves, showing consistently low photocurrents, which indicates their high transparency.
Materials like AB400L, PP white, and paper exhibit unique photocurrent characteristics, es-
pecially between −0.5 V and −0.35 V, allowing for easy identification. In general, while the
photocurrent–voltage characteristics may appear similar, they exhibit several peculiarities,
such as the zero-crossing voltage and the photocurrent ratios at different voltages, which can
be effectively exploited by classification algorithms.
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3. Results and Discussion
3.1. Multivariate Analysis

The classification process involved an analysis of the six individual datasets separately.
This approach allows for the assessment of the performance of the model on each day-based
dataset. Additionally, classification was performed on the combined dataset encompassing
all six days. This step helps in evaluating the impact of factors like measurement day,
temperature, device performance, or external lighting conditions, which can introduce intra-
class variations within the same material type. By comparing the classification accuracy
of the combined data with the day-based datasets, we can gain a more comprehensive
understanding of the robustness and reliability of the classification model. During the
model training, a 5-fold cross-validation approach was implemented to guarantee robust
model evaluation and mitigate overfitting [26].

Based on a 5-fold cross-validation, the dataset of 350 spectra was divided into five
equal subsets of 70 spectra each. In each iteration, four folds (280 spectra) were used for
training, while one fold (70 spectra) served as the testing set, resulting in an 80% training
and 20% testing distribution. This approach maximized dataset utilization and provided
a comprehensive evaluation of model performance, with each fold serving as the testing
set once across the five iterations. To further enhance the analysis, principal component
analysis (PCA) was employed for efficient dimensionality reduction [27]. PCA reduces the
number of features while preserving key information, which is particularly beneficial for
high-dimensional datasets and helps mitigate overfitting by minimizing the influence of
irrelevant features. The first three principal components obtained from PCA were used to
build the classification model. The same approach was applied to the combined dataset
of 2100 spectra, divided into five subsets of 420 spectra, with four folds (1680 spectra) for
training and one fold (420 spectra) for testing.

To ensure optimal classification performance for the diverse material types under
investigation, a comprehensive evaluation of various machine learning algorithms was
undertaken. This evaluation encompassed established algorithms such as the support
vector machine (SVM), k-nearest neighbors (KNN), linear discriminant analysis (LDA), and
random forest (RF) [28]. By exploring these diverse approaches, we aimed to identify the
algorithm that best leverages the unique characteristics of our dataset, ultimately achieving
the highest classification accuracy. The classifier’s ability to learn and accurately classify the
data is measured by classification accuracy, which is defined as the percentage of correctly
predicted samples out of the total samples.

Our evaluation of various machine learning algorithms revealed the k-nearest neigh-
bors (KNN) algorithm as the leading performer. Although all methods exhibited good
accuracy (detailed in Table 1), KNN consistently achieved high accuracy across all day-
based datasets and was the best performer for combined data, effectively classifying the
diverse materials under investigation. This superior performance across datasets strength-
ens the selection of KNN as the primary classification algorithm for this application.

Table 1. Classification accuracy comparison across four different methods over considered dataset
(best results are highlighted in bold).

Dataset KNN LDA RF SVM

1st set 98.6% 94.3% 97.4% 97.7%
2nd set 94.9% 88.9% 93.7% 93.1%
3rd set 95.1% 91.1% 95.1% 94.9%
4th set 97.7% 94.6% 98.0% 98.0%
5th set 96.6% 92.0% 94.9% 96.3%
6th set 97.4% 95.1% 97.7% 97.1%

Combined data 95.0% 86.8% 94.1% 94.0%

Figure 5 illustrates the clustering results of the KNN-based classification model, which
is based on the first three principal components that together account for 95% of the
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variance in the dataset. The analysis of the six dataset PC clusters indicates that materials
such as AB400L and glass are well separated, suggesting that PCA effectively captures
the differences among these materials and can distinguish them from others. However,
some overlap is observed primarily among PP white and transparent, which are closely
clustered due to their similar spectral characteristics, as they are made from the same base
material. Additionally, instances where PET clusters closely with paper, PP transparent,
and aluminum further illustrate the challenges in classification. Despite this overlap, the
figures clearly show that all materials are distinctly separated and can be easily classified,
demonstrating that PCA components are valuable for classifying materials effectively.
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Figure 6 shows the confusion matrix [29] for the combined dataset, revealing a 95%
classification accuracy achieved by the KNN method. A crucial parameter in KNN is the
number of neighbors (k) considered for classification. In this study, we opted for k = 1.
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This choice emphasizes localized patterns within the parameter space, which is particularly
beneficial for achieving high accuracy. Additionally, Euclidean distance [30], a common
metric known for its simplicity and effectiveness, was used to measure the proximity
between data points. The chosen parameters also help in minimizing overfitting and
contribute to accurate predictions on unseen data. Notably, these same parameters were
consistently applied throughout all individual dataset analyses, ensuring methodological
uniformity across the entire study.
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The KNN classifier demonstrated good performance across all materials, with all
classifications exceeding 90% accuracy (based on true positive rate (TPR) and false negative
rate (FNR) metrics [31]). Some materials achieved even better results: glass with 98.7%
and PP white and transparent reached 98% and 96% accuracy, respectively. While the
overall performance was outstanding, a closer look reveals some materials with significant
misclassification rates. AB400L had a 6% misclassification rate, being primarily confused
with paper and PP white. PET presented the biggest challenge, experiencing a 9.3%
misclassification rate, with paper and aluminum being the most frequent misclassifications.
Paper exhibited a 7.3% misclassification rate.

3.2. Optimization of Data Acquisition Parameters for Rapid Measurements

The system was trained (combined data) using data acquired with a 100 ms integration
time and a 1 s time delay (i.e., the time the system waits between the application of the bias
voltage and the acquisition of the measurement). This methodology was chosen to ensure
stable and repeatable measurements, which are crucial for building a reliable training
dataset. The 100 ms integration time allows for sufficient averaging of the signal, reducing
noise and improving the accuracy of the measurement. The 1 s time delay, on the other
hand, provides a buffer period between measurements, ensuring that transient effects
do not affect the stability of the recorded data. However, this configuration only allows
for slow measurements (1.1 s for each data point, plus data transmission latency), and it
appears incompatible with the fast classification needed by industrial recycling facilities.
For this reason, we investigated the change in classification performance for data acquired
with a shorter delay and integration time. It should be noted that data employed for the
training of the classification model were not changed, and only new datasets were acquired
with reduced measurement times.

Two distinct configuration settings were employed: Configuration 1 utilized a
500 ms delay and a 30 ms integration time, while Configuration 2 used a 100 ms de-
lay while retaining the same 30 ms integration time. The selection of a 30 ms integration
time for both configurations was a deliberate choice. While lower integration times can fur-
ther enhance speed, they often come at the expense of a reduced signal-to-noise ratio (SNR),
potentially impacting classification accuracy. In our specific application, a 30 ms integration
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time provided an acceptable trade-off between speed and accuracy. Maintaining the same
integration time allows us to isolate the effect of varying the delay time on classification
accuracy without introducing additional factors related to the measurement SNR.

Figure 7a,b show the confusion matrices for the classification model with time delays of
500 ms and 100 ms, respectively, both using a 30 ms integration time. A 500 ms delay yielded
a promising overall accuracy of 91.48% [Figure 7a], with occasional misclassifications
observed for specific materials, namely PET, PP white, and paper. However, reducing
the time delay to 100 ms [Figure 7b] significantly compromised the system performance,
resulting in a substantial drop in the overall accuracy to 70.86%. This shorter delay also
led to a marked increase in misclassifications, particularly for PP materials, PET, and
paper. Interestingly, the classification accuracy for AB400L and glass is not affected by
the reduction in delay time, showing that the spectral reflectivity characteristics of such
materials are very well identified with respect to the other samples.
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Even though good accuracy has been retained for the 500 ms delay time, measurements
are still too slow for practical applications, and further optimization is needed. A feasible
approach would consist of the employment of multiple voltage-tunable photodetectors,
each biased at a specific voltage, operating in parallel, thus allowing for the simultaneous
acquisition of multiple data points. To this extent, and for the sake of the simplicity
and economy of the system, a small number of voltages should be employed. In order
to evaluate the impact of reduced voltage resolution on the performance, we decreased
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the number of voltage steps while maintaining a uniform spacing across the voltage
range. Figure 8 and Table 2 explore the relationship between the voltage resolution and
classification accuracy for the combined dataset. Table 2 shows the overall accuracies
achieved with various voltage resolutions and corresponding voltage steps. Notably,
the results demonstrate that classification accuracy remains high and stable (>95%) for
resolutions up to 60 mV (5 voltage steps). However, a significant drop in accuracy is
observed at larger voltage steps (100 mV and 150 mV). This trend is further emphasized by
the visual representation in Figure 8.
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Table 2. Overall classification accuracy at different voltage resolution levels.

Voltage Interval/Steps Voltage Resolution (mV) Overall Accuracy (%)

50 6 95.0
40 7 94.7
30 10 94.8
20 15 94.6
10 30 94.9
5 60 95.0
3 100 93.8
2 150 88.4

In real-life scenarios, it is not always useful to discriminate and classify many different
materials, but a rough sorting of materials in wider classes can be accepted for the sake
of simplicity. For this reason, we explored the performance of the system by reducing the
number of classes and considering three different frameworks: (i) plastic vs. non-plastic
materials, (ii) plastics, glass, aluminum, and paper, and (iii) only plastic materials to be
classified based on the specific polymer.

Figure 9 shows the confusion matrices for the validation of the three classification
models. In all cases, the models were trained with the original datasets, and tests were
executed by collecting 25 new photocurrent curves for each material with a 500 ms delay
time and 30 ms integration time.
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When distinguishing only between plastics and non-plastics, the system yielded
promising results, showing a 91.42% accuracy [Figure 9a]. Differentiation between plastics,
glass, aluminum, and paper achieved an accuracy of 94.85% [Figure 9b]. This is noteworthy
because all plastic materials were consistently classified correctly.

Focusing only on plastics yielded improved accuracy, with an impressive 97% achieved
[Figure 9c]. All materials except white PP were correctly identified.

4. Conclusions

In this work, we demonstrated the feasibility of a cost-effective, laboratory-based mate-
rial classification system. Utilizing a single, bias-tunable Ge-on-Si dual-band photodetector
combined with classification algorithms, the system successfully differentiated between
seven distinct materials. This accomplishment paves the way for further development
towards more sophisticated and adaptable material identification solutions. We also investi-
gated the possibility of obtaining faster classification by reducing the integration and delay
time of the measurement system, demonstrating that good accuracy can still be maintained
even when halving the overall measurement time, with respect to the one employed for the
acquisition of training data. Considering the acquisition of all 50 data points/curves at a
100 ms delay and 30 ms integration time, a single measurement requires 6.5 s. This allows
for the recognition of static objects only. However, we discussed how further improvements
can be obtained by reducing the amount of data points (i.e., increasing the voltage step),
exploiting a multisensor array of photodetectors, and simplifying the classification system
with a reduced set of output classes.

Finally, it should be mentioned that all experiments were conducted in a laboratory
environment on controlled samples, and thus the results cannot be immediately transferred
into industrial, high-TRL systems. Nevertheless, we present our study as a proof of concept
aiming at the demonstration of the voltage-tunable photodetector for waste classification.
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Further investigation will be required to understand the performance of the system in
the presence of contaminants and moisture or mixed waste materials. Anyhow, we believe
the proposed system could be best suited for user-level applications (like smart garbage
bins), rather than for large waste management plants.
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