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This experiment examines the viability of microwave reflections as a data source for a deep learning-based
classification model to classify waste materials. The goal is to investigate whether microwave reflections can be
incorporated into a sensor fusion system for classifying waste materials. If successfully implemented, microwave
reflections could provide a method for identifying materials without requiring direct line of sight to the target,
enabling sorting under conditions of visual occlusion.

To perform this examination, a microwave reflection measurement system is created using a Vector Network
Analyzer and two directional microwave antennae. Using this system, a microwave reflection dataset consisting
of three common recyclable material categories, plastic, metal and cardboard, is created by measuring the complex
S-parameter values of items from multiple angles over the frequency range 863 — 879 MHz. The resulting dataset
comprises 1112 samples, split into 373 metal, 375 plastic, and 364 cardboard samples. These samples were
measured from a collection of 97 items with 30 items belonging to the cardboard set, 34 belonging to the metal set
and 33 belonging to the plastic set. Each sample contains 101 rows of data from four parameters that together
define the forward transmission coefficient and the input reflection coefficient. This dataset is used to train
Multilayer Perceptron (MLP) networks under various data configurations to assess the viability of microwave
reflection data for material classification.

This experiment utilizes a microwave reflection measurement setup designed for material classification by
capturing complex S-parameter values of different waste items. The dataset includes 97 items representing three
common recyclable material categories—plastic, metal, and cardboard—resulting in 1112 samples measured
across the frequency range of 863—879 MHz. To ensure practicality and cost efficiency, the setup is built using a
compact and affordable nanoVNA-F V2 by Sysjoint and simple directional antennas instead of large and expensive
table-mounted VNAs and horn antennas.
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Figure 1. Data Collection Setup

The collected dataset was used in four configurations to assess whether the information it contains is sufficient for
reliable classification. The investigated configurations include the combination of random and item-based splitting
and binary and multiclass classification. In item-based splitting, the data is partitioned such that all measurements
from a single item are assigned to a single partition during training. In random splitting, the previous constraint is
ignored. In multiclass cases, all three classes are considered; in binary cases, the non-metal classes are combined,
and the classification task becomes identifying metal samples from non-metal samples.

To find a reasonable baseline of performance, two rounds of hyperparameter optimization are performed on each
data configuration. The first is to obtain the rough model structure and optimizer used in the second round of
hyperparameter optimization. In the second round, this rough structure is fine-tuned by adjusting the number of
layers more granularly. Based on the performance during these rounds of hyperparameter optimization, the best
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performing model is chosen for 10-fold cross-validation for performance estimation, the results of which can be
found in Table 1.

Table 1. Results of 10-fold cross-validation

Configuration Precision (%) Recall (%) F1-score Accuracy (%)
Item-based Multiclass 82.94 81.08 0.8083 81.67
Random Multiclass 93.5 93.32 0.9328 93.44
Item-based Binary 97.98 96.12 0.9680 97.32
Random Binary 94.34 96.53 0.9520 95.59

While the overall performance of the item-based multiclass model is relatively weak compared to the
other models, when examining the models’ precisions and recalls on an individual class-wise basis, strong
evidence can be found that, in each configuration, the model can classify metal samples with strong reliability.
This performance is represented by class-wise F1-scores for all configurations in Table 2.

Table 2. Class-wise F1-scores for 10-fold Cross-validation

Configuration Metal Plastic Cardboard Non-Metal
Item-based Multiclass 0.9352 0.8151 0.6914 0.7533*
Random Multiclass 0.9771 0.9274 0.8970 0.9122*
Item-based Binary 0.9583 - - 0.9800
Random Binary 0.9380 - - 0.9658

* Multiclass Non-Metal metrics calculated as simple average of plastic and cardboard performance.

With increased data, expanded material types, and a wider measurement bandwidth, this approach has
the potential to facilitate a dependable sensor fusion solution for automated waste classification.
Notably, the random multiclass results suggest that microwave reflections could even offer adequate
information for standalone classification in certain scenarios. This proof-of-concept study underscores
the feasibility of the method and encourages further research toward industrial-scale implementation.



