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1. INTRODUCTION

Due to the recent isolation events in homes, originated by the coronavirus disease 2019 (COVID-19)
pandemic, many side effects have emerged as support needs in residential environments, among these is the
assistance in cleaning and/or disinfection tasks. Thus, several studies have been aimed to cover different fronts:
developments of cleaning robots [1], [2], an Internet of things (IoT) application for a disinfection robot [3],
which in the same way [4] exposes a robot for cleaning bathroom floors. The purpose of these robots can be
varied, for example, grease removal in ventilation ducts [5], waste segregation [6], or recycling tasks [7], [8].

Machine vision systems are a fundamental part of robotic development [9], which can be employed
in food sorting recognition [10]. A relevant aspect within the previously mentioned approachis the treatment of
food waste [11], [12], where one of thetechniques used are machine vision systems [13], among which
convolutional neural networks [14], [15] stand out. Food waste in residential environments is a focus of future
bacteria and diseases that must be treated [16], for which convolutional networks are currently used [17]-[19].

On the other hand, fuzzy inference systems are widely used in nonlinear and not very predictive
models, even being recently used in research related to COVID-19 [20], bacterial analysis [21], and food
adulteration [22], as well as their integration with neuro convolutional systems [23]. In turn, there are several
applications of fuzzy models for alarm generation systems [24]-[26].

Given the relevance of the topic, the development of a neuroconvolutional architecture for waste
discrimination is presented below, to generate an alert, either for a robotic prototype that may have the ability
to clean or an alarm system for notification of the risk that such waste presents. The alarm is generated by
means of a fuzzy inference system that takes as inputs the waste detection and the detection duration time. The
article is then divided into three sections, the first one corresponds to the methods and materials used, the
second section corresponds to the analysis of results, and the third section to the conclusions obtained.
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2. METHOD

The designed automatic system is oriented to the scheme shown in Figure 1. Initially, images of the
environment are obtained, ideally from the top view of the table or the kitchen. The current image is input to a
convolutional neural network [27], [28], which establishes whether there is food or food residue, this result is
evaluated over time by a fuzzy inference system that determines an alarm level according to the duration of the
residue. In the following, both the neuro convolutional architecture and the fuzzy inference system are explained.
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Figure 1. Classification scheme

It was established that the robot will generate inspection tours through the determined areas every 6
hours, which will be called an inspection cycle. Each time it detects the risk of paper waste, the count variable
will be increased, which corresponds to an array of 4 elements, where each one associates with each of the
inspection areas. To generate the biohazard alarm, a fuzzy inference algorithm is used based on the area where
the waste is located employing ResNet-50 and the time spent in this area based on the number of cycles in
which it was found. In the following, both parts of the algorithm, the training of the network and the fuzzy
inference system, are presented.

2.1. Convolutional neuronal network

The first step consists of establishing the database with which the classification system is trained. In
this case, two classes, food and residue, are used. A database of 100 images is used with a distribution of 70%
for training and 30% for testing. Figure 2 shows some samples of each class used, Figure 2(a) waste and
Figure 2(b) food.
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Figure 2. Training database (a) waste and (b) food

These images are acquired using a conventional webcam with an image resolution of 640x480 pixels,
which are resized inside the algorithm to 180x180 pixels to reduce the computational cost of training. For this
case, the network architecture illustrated in Table 1 is used. It consists of 4 convolution layers in the feature
extraction stage and two fully connected with 50% dropout in the classification stage, and a fully connected
final output. The kernel column presents the number of filters used and the size of each one.
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Table 1. Network architecture used

LAYER
Input

KERNEL
180x180x3 # F Filters

Convolution/ReL.U
Convolution/ReLU
MaxPooling
Convolution/ReL.U
MaxPooling
Convolution/ReLU
MaxPooling

98
192

192
3
320
2

8
6
3
3

3

Figure 3 illustrates the performance obtained in the training of the network. For the case it is observed
that it reaches 100% classification accuracy after 1500 iterations, taking just over 29 minutes on a computer
with an NVIDIA GPU 1050 with 8 GB of memory. The confusion matrix in Figure 4 illustrates the
classification performance with the validation data, showing the correct identification of each of the two classes
used. This indicates that there are no errors in the performance of the network, taking into account that the
lighting conditions used should not vary considerably. In this case, average classification times of 0.4 seconds
were obtained, which allows the use of the algorithm in machine vision applications, such as the one proposed,

in real-time.
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Figure 4. Confusion matrix
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2.2. Fuzzy interference system

The alarm for possible biological risk due to food residues is established by means of a fuzzy inference
system where once the food residue is recognized, the cycle in which it is found must be stored. Given the
nonlinearity of the system, since it is not possible to predict precisely when a food residue will be found, fuzzy
inference models are appropriate for this type of nonlinear and mathematically non-descriptive system. Two
inputs are used, one associated with the time measured in cycles and the other associated with the detection of
the residue, the output is determined by the percentage of the risk level that would imply leaving processed
food for prolonged periods of time in the same space and the time it is kept in the residential environment.
Figure 5 illustrates the fuzzy scheme implemented.
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Figure 5. Fuzzy system implemented

The time input refers to finding the same or new residues in different spaces of time, these spaces are
determined in 6-hour periods, which corresponds to an average time between meals for the three basic food
cycles in human activity (breakfast, lunch, and dinner). For this purpose, a fuzzy input is established with three
membership functions, each with linguistic labels of low, medium, and high to denote the temporal perception
of the waste food in the site. For the time input, the universe of discourse is established in 10 cycles, where
after the 6" cycle (36 hours) a high risk predominates.

This scheme is determined given that at a residential level, with a family nucleus (2 or more people),
a daily cleaning cycle is predominant (approximately every 24 hours). Which implies waste collection at least
once a day. For a standard case with three meals a day, waste generation would be close to every 18 hours on
average (3 cycles), which delimits the transition from low to medium alarm, as shown in Figure 6(a). For the
waste food entry, as shown in Figure 6(b), two membership functions are established, each with linguistic
labels of food and waste, in relation to how much waste accumulates, where the longer the food becomes waste.
The universe of discourse is set from 0% food to 100% waste.
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Figure 6. Time and waste food inputs of the fuzzy system: input variable (a) time and (b) waste food
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The output of the fuzzy system corresponds to the level of biological risk determined in percentage,
so it is framed in a universe of discourse from 0 to 100%, Given the nonlinearity inthe degradation of food [29],
the medium level presents less coverage in the system, and the rule base plays a fundamental role in the output
by relating this to the inputs, as seen on Figure 7.
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Figure 7. Fuzzy food risk output

3. RESULTS AND DISCUSSION

Figure 8(a) shows some of the activations of the filter bank resulting from the first convolution layer
of the trained network. Where the learning of the filters is evident, as it clearly identifies the plate with food
and what is associated with the background of the image. Figure 8(b) shows in detail the activations in the
identification of food for both classes in a specific way. In Figure 8(b), the upper part is the full plate, and the
lower part corresponds to food waste. The heat map shows the concentration of learning, which resulted in a
high level of accuracy.

Figure 9 shows the level of confidence obtained by the classification category. This output is the one
that enters the fuzzy system. Figure 10 illustrates the output of the fuzzy inference system with incremental
time variations so that the three risk levels are generated, in Figure 10(a) low, Figure 10(b) medium, and
Figure 10(c) high. Through simulations of the algorithm in the environment shown in Figure 11, using a video
of the food area at 30 fps, the performance was evaluated, and the results shown in Table 2 were obtained.

(b)

Category: Category: Category: Category:
Waste Waste Food Food
Confidence Confidence 4 Confidence Confidence

0.99992 0.99707 0.99947 0.99708

Figure 9. Levels of confidence
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Figure 10. Alarm activations (a) low alarm (b) medium alarm, and (c) high alarm
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Figure 11. Simulation test

Table 2. Risk simulation

Risk TP %

Low 97
Medium 92

High 100
Average 96.3

By means of the simulation, it was possible to validate the temporal relevance of the system,
depending fundamentally on the time when food was found in the evaluation area. The losses of true positives
are due to variations in the level of confidence with which each image in the video is classified since a threshold
of 85% is used to discard those that give values below, which are usually subject to error. However, the average
value obtained of 96.3% shows the effectiveness of the algorithm in generating the alarms.
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4. CONCLUSION

Machine vision systems are an important complement to automation systems, which employ pattern
recognition techniques to operate. Within these techniques, neuro convolutional networks demonstrated high
efficiency in the recognition of the two established classes, with reduced classification times and high levels
of confidence. It is concluded that the automation of risk levels by means of the exposed methodology allows
the development of efficient automatic assistants for the prevention of biological risks due to bacterial growth
as in the case presented by food residues.

It is concluded on the importance of analyzing the activations, which allowed making adjustments in
the hyperparameters of the network, facilitating the convergence in the selection of the final architecture. At
the same time, the fuzzy inference system allows the generation of a natural system that alarms the health
conditions for decision making, complementing the action of the convolutional network.
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