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Preface to ”Sanitary and Environmental Engineering:
Relevance and Concerns”

The environment consists of living and non-living elements that interact with each other and
can affect their health and lives. Now more than ever, humanity is called upon to take action to
protect the environment and public health. The environment in which we live is the most important
factor in our health and well-being. Human activities have a significant impact on the atmosphere,
lithosphere, hydrosphere, biosphere, and even outer space. Biological, chemical, physical, and social
risk factors are part of our daily lives, and scientific research is constantly challenged to understand
and mitigate these interactions to make life on Earth more sustainable. This reprint contains 12
articles on various filed of sanitary and environmental engineering. It provides current research on
sanitary and environmental engineering with a focus on mitigation of the impact of mankind on the
environment and vice versa. This reprint should be of interest to scientists, students, and engineers
from practice. I hope you will find this book useful and that you will enjoy reading it as much as we
enjoyed writing it. This Special Issue is a result of the collaborative work of many researchers in the
field of sanitary and environmental engineering with the spotlight on food safety, indoor air quality,

environmental protection, waste management, and microbial populations.

Rok Fink
Editor
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The environment consists of living and inanimate elements that mutually interact and
affect each other’s health and lifespan. Anthropogenic sources of pollution are of particular
concern as they are increasing exponentially, constituting a rate faster than ever before in
the Earth’s history. A 2016 report reported that 24% of global deaths are due to changing
environmental factors [1]. In addition, since 1970, the average wildlife population size
decreased by 69% [2]. These phenomena show that health and environmental sciences are
key factors in terms of responding to the changing environment in order to live healthily,
in coexistence, and in prosperity. Major concerns regarding health and the environment
are at the heart of the Sustainable Development Goals of the United Nations Educational,
Scientific, and Cultural Organization [3], which are a collection of interconnected goals
intended to serve as a common blueprint for global peace and prosperity for the current
period and in the future [3]. In addition, the sustainable development goals are directly or
indirectly related to sanitation and environmental technology. For example, the goals of no
poverty and no hunger can greatly improve public health, facilitate improved well-being,
and promote healthy lifestyles at all ages, and ensuring clean water and sanitation can
improve water security and facilitate access to sanitation. In addition, the realization of
sustainable cities and communities can make our settlements safe, resilient, and sustainable.
Responsible consumption and production will reduce pressure on the environment, reduce
food waste and chemical use, and increase recycling. Climate action will strengthen the
resilience of communities and increase adaptive capacity and responses to climate-related
disasters. Ecosystem conservation will protect organisms from degradation and biodiver-
sity loss. Finally, international cooperation will strengthen the implementation of these
goals through the exchange of knowledge, expertise, and experience between nations. More
than ever before, humanity is being called upon to take action to protect the environment
and public health. The environment in which we live is the most important factor of our
health and well-being. Human activities have a significant impact on the atmosphere,
lithosphere, hydrosphere, biosphere, and even outer space. Biological, chemical, phys-
ical, and social risk factors are components of our daily lives, and scientific research is
constantly challenged to understand and mitigate these interactions to make life on Earth
more sustainable (Figure 1). The sustainability of human societies and the biodiversity that
supports them requires the responsible management of natural resources, including the
development of technologies and regulations.

This Special Issue, Sanitary and Environmental Engineering: Relevance and Concerns,
addresses these issues and proposes solutions to current and future crises. Food safety
is an important value in modern society, especially as we face increasing environmental
changes and geopolitical tensions. For example, a study by Yang et al. [4] showed that
predicting the disease density of maize through a multi-scale patch-embedding module
could accurately predict maize diseases, which would thereby increase food safety. In
addition, Jevsnik et al. [5] analysed food safety knowledge, practises, and hygiene statuses
in a household kitchen and found inadequate hygiene in a quarter of the cases analysed.
Although they found that the respondents had some knowledge about hygiene, they failed
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when presented with a real situation. A study by Slabe et al. [6] surveyed climbers with
respect to their food safety habits and reported that food safety training should be included
in general training programmes for climbers. Indoor air quality affects our health by
causing sick building syndrome and other lung diseases. Galici¢ et al. [7] highlight macro-
and micro-climatic factors and the distance of schools from pollution sources as having
important influences on indoor air quality. However, indoor air quality has also influenced
the spread of SARS-CoV-2. As reported by Gali¢i¢ et al. [8], non-pharmacological measures
such as self-testing, hygiene, and ventilation should be used if the pandemic slows down.
All this shows once again how different factors and hazards in sanitation are interconnected
and should not be neglected in decision making (Figure 1). Changes in the environment,
especially of an anthropogenic nature, are of the most concern and have significant impacts
on humans and ecosystems. The eco-environmental quality index was introduced by
Xia and Zhen [9], which considers both land use and environmental quality. They found
that land use is the most important factor of the quality of the ecological environment,
whereas other factors do not play a significant role. In addition, Zhan and Yang [10] found
that adding the PM 2.5 concentration model helps to predict impacts using the beetle
swarm algorithm. In addition, Wang et al. [11] simulated an environmental policy to
reduce construction waste and concluded that the policy should be implemented in re-
lation to the phases of urban development. The simulation, prediction, and modelling
of environmental factors are essential to understand causes and consequences and eval-
uate environmental interventions. Nevertheless, cleaning and maintaining hygiene at a
sufficient level requires the application of the correct disinfection approach. For example,
Zekanovi¢ et al. [12] proved that a combination of ultraviolet light and hyperchlorination is
more effective against P. aeruginosa biofilms than either of the methods used separately. Sim-
ilarly, Pileti¢ et al. [13] analysed combined methods of gaseous ozone and citric acid against
A. baumannii and found a 99.99% inhibition rate. In the last decade, natural detergents have
attracted a great deal of attention due to their low toxicity and remarkable performance in
cleaning and disinfection. A study by Fink [14] showed that natural terpenoids can be as
effective as a standard antimicrobial agent chlorhexidine against E. coli, P. aeruginosa and
S. Typhimurium.
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Figure 1. Conceptual figure of sanitary and environmental engineering subsystems and hazards.
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Current sanitary and environmental engineering practices represent the basis for the
One Health for All approach. Researchers, officials, and health professionals should collab-
orate to respond to global health threats, as environmental subsystems are interconnected,
and threats spread through many of them. It is humanity’s responsibility to take care of the
environment and, by extension, health. Our presence on the planet is short-lived compared
to other organisms, and we should be careful not to put a long-term strain on ecosystems.
Sanitary and environmental engineering can help to comprehend this duty and provide
answers to the challenges faced by modern society.

Funding: This research received no external funding.

Conflicts of Interest: The author declares no conflict of interest.
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Abstract: Maize is one of the world’s major food crops, and its yields are closely related to the
sustenance of people. However, its cultivation is hampered by various diseases. Meanwhile, maize
diseases are characterized by spots of varying and irregular shapes, which makes identifying them
with current methods challenging. Therefore, we propose an adversarial training collaborating
multi-path context feature aggregation network for maize disease density prediction. Specifically,
our multi-scale patch-embedding module uses multi-scale convolution to extract feature maps of
different sizes from maize images and performs a patch-embedding operation. Then, we adopt the
multi-path context-feature aggregation module, which is divided into four paths to further extract
detailed features and long-range information. As part of the aggregation module, the multi-scale
feature-interaction operation will skillfully integrate rough and detailed features at the same feature
level, thereby improving prediction accuracy. By adding noise interference to the input maize image,
our adversarial training method can produce adversarial samples. These samples will interfere
with the normal training of the network—thus improving its robustness. We tested our proposed
method on the Plant Village dataset, which contains three types of diseased and healthy maize leaves.
Our method achieved an average accuracy of 99.50%, surpassing seven mainstream models and
showing its effectiveness in maize disease density prediction. This research has theoretical and
applied significance for the intelligent and accurate detection of corn leaf diseases.

Keywords: maize disease; adversarial training; context feature aggregation; patch embedding

1. Introduction

Crop yields are an instrumental factor in ensuring sustainable economic growth [1].
Maize has excellent adaptability, a wide planting area and distribution system, a variety of
applications, and the potential to have its production increased [2,3]. As one of the most
widely distributed crops in the world, it ranks second only to rice and wheat in terms
of sowing area and production [4,5]. In spite of this, maize yield is impacted by many
factors—including soil, heat, water, natural disasters, and disease—which result in a loss
of 6-10% of corn production every year [6]. It is therefore crucial to detect and monitor
diseases as early as possible during the growth of maize. Statistics indicate that there are
more than 80 kinds of maize diseases in the world [7]. Among the most common maize
diseases are large and small leaf spots, curved spore leaf spots, rust, brown spots, etc.—all
of which adversely affect maize yield [8]. Presently, the identification of maize diseases is
largely dependent on manual observations by growers [9]. This is time-consuming and
laborious and can result in misjudgments due to a lack of professional knowledge [10]. At
the same time, this makes it difficult to implement timely preventive and control programs.
As aresult, there is an urgent need for an intelligent and effective method that can be used
for identifying maize diseases and increasing maize yields [11,12].
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Up to now, many researchers have proposed various methods for crop disease identi-
fication. These methods are mainly divided into two categories: machine learning methods
based on traditional features and automatic feature-learning methods based on deep learn-
ing [13-15]. For machine learning methods, an example is the work of Zhang et al. [16], in
which a genetic support vector machine (SVM) was trained to classify six maize diseases
with an average classification accuracy of 90.25%. Aravind et al. [17] used an SVM classifier
to classify maize diseases and achieved an average accuracy rate of 83.7%. Zhang et al. [18]
first segmented significant disease features from maize pictures, and then followed this by
further classifying maize diseases using the k-nearest neighbor (KNN) with an accuracy of
over 90%. Alehegn [19] applied an SVM to extract color, grain, and shape information from
Ethiopian maize leaves, achieving an average accuracy of 95.63% in a dataset containing
800 maize leaves. Nonetheless, machine learning methods require training data and hand-
designed features that are high quality, and thus the feature extraction ability for some data
is poor and lacks robustness, which leads to unsatisfactory recognition accuracy. As for
deep learning methods, they benefit from the powerful feature-extraction capabilities of
convolution neural networks (CNNs). Waheed et al. [20] proposed an optimized dense
CNN architecture (DenseNet) for the identification and classification of three types of
diseased maize leaves in addition to healthy maize leaves. Gui et al. [21] proposed an
improved CNN model for plant disease identification in the field by exploring the potential
and generalization ability of CNN models, achieving a 72.03% accuracy. Qian et al. [22]
explored the effect of a Transformer on maize disease identification, and then proposed an
improved model on the basis of self-attention, which outperformed five mainstream CNN
models. Dechant et al. [23] developed an automatic identification system for leaf blight
detection in the field environment. Their method overcame the irregular leaf interference in
the field environment and achieved 96.7% accuracy. For a four-class maize leaf recognition
task, Xu et al. [24] implemented the Inception module in AlexNet, designed TCI-ALEXN,
and avoided overfitting by using a global pooling layer. Ahila et al. [25] proposed a mod-
ified CNN-based LeNet method for diseased maize leaf identification and classification,
and achieved 97.89% accuracy. Even though all of the above methods are capable of gen-
erating better detection results, the majority of them only use a CNN or a Transformer.
This method does not consider detailed and long-range features, making it difficult to
accurately predict and identify maize diseases [26]. This paper attempts to make maize
disease density predictions by combining a depth convolution and a Transformer. Our main
objective was to extract different features from various types of corn disease images with
similar characteristics. At the same time, we needed to overcome the complex background
noise to improve the prediction accuracy. To this end, we proposed an adversarial training
collaborating multi-path context-feature aggregation network for maize disease density
prediction. Specifically, we used multi-scale patch embedding to initially obtain multi-scale
features in maize disease images, and multi-path context-feature aggregation to further
obtain detailed and long-range feature information and aggregate it at the same feature
level. Lastly, we used the adversarial training method to obtain adversarial samples by
adding noise to the input maize images. This perturbed the training process—thus further
improving the model’s robustness and resistance to noise. The contributions of this paper
are summarized as follows:

(1) We employ a multi-scale patch embedding module to extract multi-scale features
from various types of maize images using multi-scale convolution with overlapping
parts—thus adapting to different maize disease characteristics.

(2) Our proposed multi-path context feature aggregation module uses a depth convo-
lution and Transformer encoder to further extract detailed features and long-range
features, and allows these two to interact in the same dimension in order for the multi-
scale features to effectively improve the network’s ability to characterize features.

(8) We use the adversarial training method to generate adversarial samples by adding
noise perturbations to the input maize images; this disrupts the normal training of
the network—thus improving the robustness of the network.
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2. Materials and Methods
2.1. Dataset

The experimental data used in this paper were primarily derived from the Plant Village
international common dataset, which contains a large number of images depicting plant
diseases. We used three kinds of diseased maize leaves as well as healthy maize leaves
in this dataset as experimental data. The three maize disease species that were identified
included leaf blight disease [27], gray leaf disease [28], and leaf rust disease [29]—with a
total of 7701 images. Figure 1 illustrates some data images of the diseased and healthy
maize leaves.

Healthy Gray Leaf Blight Rust

Figure 1. Depiction of diseased and healthy maize leaves from the Plant Village dataset. Note that
the red rectangles correspond to maize disease characteristics.

Figure 1 illustrates the individual characteristics of the diseased maize leaves and
healthy maize leaves. The leaf surfaces of healthy leaves are bright and smooth, showing
no obvious disease symptoms; blighted leaves show gray or yellow-brown spots that do
not expand, but spread parallel to the leaf veins; gray leaves have no obvious brown spots
on the edges, but have more spots appearing parallel to the leaf veins; and rusted leaves
show herpetic patches with colors from yellow to brown on both sides of the leaves, which
are surrounded by yellow haloes.

The original resolution of the images in the dataset was 256 x 256 pixels, and in order
to better fit our proposed network structure, we adjusted the images to be 224 x 224 pixels.
In addition, the overall dataset was divided into a training set and a testing set. Specifically,
the training set rate for leaf blight, gray leaf, healthy leaf, and leaf rust images was 78%,
75%, 75%, and 80%, respectively. Table 1 summarizes the number of images in the training
set and testing set after the dataset division.
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Table 1. Distribution details of the maize disease dataset.

Type Leaf Blight Gray Leaf Healthy Leaf Leaf Rust
Training Set 1743 750 1935 1523
Testing Set 500 250 500 500

Total 2243 1000 2435 2023

2.2. Overview of Network

Figure 2 shows the overview of the proposed adversarial training collaborating multi-
path context feature aggregation network. The implementation process of our method
was mainly divided into four steps, and each step was further divided into two parts:
multi-scale patch embedding and multi-path context-feature aggregation, with the aim
of obtaining multi-scale maize disease characteristics. Specifically, the multi-scale patch-
embedding module extracted feature maps of different sizes by multi-scale convolution and
performed a patch embedding operation. During the embedding of the multi-scale patch,
it was flattened into tokens of different scales. Features with the same sequence length
were output after adjusting the filling step of the convolution. In addition, the multi-path
context feature aggregation module transferred the tokens with the same sequence length
independently and simultaneously to the deep convolution and Transformer encoder
through multiple paths for the further extraction of detailed features, and then performed a
multi-scale feature interaction—thus identifying coarse and detailed feature representations
at the same feature level. At the same time, our adversarial training module added noise to
the input image to obtain the adversarial sample to improve the network’s resistance to
noise and ultimately improve its robustness.
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Figure 2. Overview of the proposed adversarial training, collaborating, multi-path context-feature
aggregation network.

2.3. Multi-Scale Patch Embedding

Since the selected diseased maize leaves had small disease spots on the blighted leaves
and large rust spots on the rusted leaves, conventional convolution could not take into
account both detailed and large-scale disease features. To this end, we adapted multi-
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scale convolution—which is different from conventional convolution—to obtain multi-level
disease-feature information. As shown in Figure 3, our multi-scale convolution was divided
into overlapping 3 x 3,5 x 5,and 7 x 7 parts.

_____ Preliminary

Multi-scale

Features

IO
@ ¥

Figure 3. Schematic diagram of the multi-scale patch embedding.

The three convolution kernels were cascaded to obtain tokens with rich maize-disease
information at multiple scales, and the height and width of the token feature map dimen-
sions were calculated as follows:

H; =

Hifl —k+ 2}9
- M

+1:|,Wi: [—W”;Hz”ﬂ

where k represents the size of the convolution kernel in a 2D convolution, s represents
the stride, and p represents the padding. We can adjust the sequence length of the token
by changing the stride and padding; this ensures that the output of different convolution
kernel sizes attains the same size patch for embedding after convolution. In addition, the
Hardswish activation function was executed once after each convolution.

2.4. Multi-Path Context-Feature Aggregation

Although multi-scale convolution can focus on locally connected information and
retain a sense of local details, it tends to ignore correlations between patches. On the
other hand, a Transformer is capable of obtaining long-range information. When detecting
healthy leaves, it is imperative to ensure that local patches are in a healthy condition; this
requires not only detailed information at the regional level, but also long-range informa-
tion. Accordingly, our proposed multi-path context-feature aggregation module further
processes multi-scale patches by performing depth convolution and Transformer encoder
operations. Thus, local details and long-range information on maize leaves can be obtained
simultaneously. Specifically, depth convolution is a composite component that consists of a
1 x 1 convolution, a 3 x 3 DW convolution, and a 1 x 1 convolution with the same channel
size. Our Transformer encoder used FactorAtt, which was proposed for a CoAT in [30] and
is calculated as follows:

FactorAtt(Q,K, V) = g(so ftmax(K)TV) )

VC

where Q, K, and V are the linearly projected queries, keys, and values of the Transformer
encoder, respectively. Since the pieces of extracted detailed and long-range feature informa-
tion are currently independent of each other, we could not maximize their value. Therefore,
we performed a multi-scale feature-interaction operation to allow for interactions between
detailed and long-range features for enriched representations:

A = COI’lCIZt([Di, Lig,..., Li,j]) 3)

where D; represents the detailed feature at stage 7, j represents the path of the Transformer
encoder, and L; j represents the long-range feature at stage i in path j. In our implementation,
j =3, which means that there are three Transformer encoder paths, and A; refers to the final
aggregated feature.
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2.5. Loss Function

Since our maize disease prediction is actually a multi-classification task with four
categories in total, we used cross-entropy loss—which is common in classification tasks—
as the loss function. In our implementation, each class was compared against all others
(as one). We used the softmax function to transform numerical results into probability
values. Moreover, the predicted maize type was determined with the maximum probability
values—thus achieving multi-classification. Cross-entropy loss was calculated as follows:

K
L(pc) = _;]/c log(pc) 4)

where K is the total number of maize leaf species, c is the current predicted maize leaf
species, Y. is the current actual maize leaf species, and p. is the probability that our method
will predict the current sample as maize leaf species c.

It is possible to smooth losses by using adversarial training under the given input
conditions, which is also an effective technique for data enhancement. Training for deep
learning is often sensitive to perturbing or noisy data. In the case of maize disease images,
there are differences between samples due to the diversity of the data, which poses a
challenge for the model training process. Thus, we adapted adversarial training loss for the
purpose of regularization, which was calculated as follows:

Lar = D[p(y|x), p(y|x + 7440, 0)] (5)

where 7., represents the added counter noise to the input maize images; this was calculated
as follows:

ren = argmax{D[p(y[x), p(y|x +1,6];[|r]l, <A} (6)

In the above equations, x represents the input data and y represents the output results.
D represents the non-negative measurement of the output after adding noise to the input
maize data. p(y|x) represents the conditional probability of the input x. ||| represents the
L2 norm, limiting the noise value between 0 and 1. r represents the noise in the input maize
image, and its distribution follows a mean value of 0 and a variance of 1. The specific noise
valueis1 x 107¢, and A represents the tolerance value, which is set at 0.5.

KL divergence, sometimes referred to as information divergence, is basically a measure
of the relative entropy between characteristics. It is an asymmetric measure that was
employed to quantify the difference between the perturbed samples and the initially
expected samples in the probability distribution. We calculated it as follows:

N

Dkr(P[IQ) = ) [P(x;) log P(x;) — P(x;) log Q(x;)] @)

i=1

where N represents the number of input maize samples, P(x;) represents the actual predic-
tion probability of sample 7, and Q(x;) represents the prediction probability after noise has
been added. It is noteworthy that this loss produces a perturbation for the output results of
the network rather than the actual corn disease species. Then, the optimization process was
performed by measuring the predicted probabilities before and after the addition of noise.

Therefore, we combined the cross-entropy loss and adversarial training loss as the
loss function.

3. Experiments and Results
3.1. Experimental Settings

We performed all of our experiments on a tower server running the Ubuntu 20.04.2 LTS
operating system on an Intel(R) Xeon(R) Gold 6226R CPU @ 2.90 GHz CPU (Santa Clara,
CA, USA) and an Nvidia Tesla A100 with 80 GB of GPU (Santa Clara, CA, USA) memory. To
speed up the training process, our experiments were implemented using the PyTorch deep
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learning framework. For training, all the experiments were run with a batch size of 32, and
the total number of epochs was 200. Our input image size was resized to 224 x 224 pixels.
We used the Adam optimizer with an initial learning rate = 0.00008 and a weight decay
o = 0.00004 for the rest of the epochs. The specific settings for the hyperparameters during
our adversarial training were a perturbation value of 1 x 10~® and a tolerance value of 0.5.

3.2. Evaluation Metrics

We chose accuracy, precision, and recall metrics to evaluate the performance of each
method in terms of accurate identification, missed detection, and false identification. These
metrics were defined as follows:

Accuracy = TP+ TN 8)
Y= TP¥TN T FP+FN
.. TP
Precision = TP L EP 9)
TP
Recall = ————— 1
O = TPYFEN (10)

where TP represents the number of true positives, TN represents the number of true
negatives, FP represents the number of false positives, and FN represents the number of
false negatives.

3.3. Quantitative Analysis

The receiver operating characteristic (ROC) and precision-recall (PR) curves are shown
in Figure 4a,b, respectively, and both demonstrate the excellent prediction performance
of our method. Since the values of the curves were close to 1, there was an overlap of
the curves. Therefore, to facilitate observations with the experimental results, we further
zoomed in on the images. The larger the area formed by the curve with the horizontal axis
for either the ROC curve or PR curve, the better the performance. Clearly, our method
generated near-perfect metric results, as the two curves were very close to the upper-left and
upper-right corners. This shows that our method, which uses multi-scale patch embedding
and multi-path context-feature aggregation, can further enhance the overall prediction
performance for maize disease density prediction. It is evident that our method, which
makes use of multi-scale patch embedding and multi-path context-feature aggregation,
allows us to extract and characterize the features of diseased and healthy maize leaves
more accurately.

@) (b)
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Figure 4. Results of the quantitative analysis. (a) ROC curve of maize disease prediction. (b) PR
curve of maize disease prediction. Note that the yellow rectangle and arrow are for expanded display.
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True Label

As shown in Figure 5a, we computed the confusion matrix to obtain explanatory
insights into the maize disease density prediction results. The dark-colored squares on
the diagonal indicate correct predictions, while the other light-colored squares indicate
incorrect predictions. We can see that the diagonal prediction values were close to 1. It is
evident from these results that our method was capable of obtaining the corresponding
features for the three types of diseased maize leaves and the healthy maize leaves—thereby
allowing us to make correct density predictions.

(a) (b)
1.0 1.00
Blight 0.014 0.002 0.75
0.8 10
0.50
Gray Leaf — 5
ray Lea 0.6 20 0.25
0.00
Healthy 54/ 0.0 0.4 30 —-0.25
—0.50
-0.2 40
Rust 4 0.0 0.0 -0.75
T T T —0.0 S -1.00
Blight Gray Leaf Healthy Rust

Predicted Label

Figure 5. Results of the quantitative analysis. (a) Confusion matrix. (b) Correlation matrix of
51 randomly chosen testing maize samples.

Our network was divided into four stages, with each stage progressively refining
the acquired features. At the final stage of the net process, we chose 51 random samples
from the validation set; first, we clustered them, followed by calculating the Euclidean
distances between each pair, computing similarity scores (ranging from 0 to 1), and finally,
plotting the correlation matrix in Figure 5b. The highest value is highlighted on the
diagonal of the correlation matrix, which indicates that the distance between the two feature
maps was relatively close to zero. In addition to the diagonal data, the similarity scores
for the remaining data were also high, which indicates that the feature representations
learned by our method through multi-scale patch embedding and multi-path context-
feature aggregation were very similar to the actual feature representations in the Euclidean
distance space—demonstrating that our method can obtain robust representations of
feature information.

As shown in Table 2, we compared the results of the various methods (VGGI11 [31],
EfficientNet [32], Inception-v3 [33], MobileNet [34], ResNet50 [35], ViT [36], and Improved
ViT [22]) by using three metrics on the Plant Village dataset. Among them, VGG11, Effi-
cientNet, Inception-v3, MobileNet, and ResNet50 had an average accuracy of 97.9%, 91.6%,
97.2%, 90.2% and 96.6%, respectively. Benefiting from the self-attentive mechanism in
the Transformer, ViT, Improved ViT, and our method achieved an average accuracy of
93.9%, 98.7%, and 99.5%, respectively—which is much higher than that of other CNN-
based methods. For the precision and recall metrics, we tested the results of predictive
metrics for each of the three types of diseased maize leaves as well as the healthy leaves
according to the distribution of the dataset. As a result of the clever combination of depth
convolution and a Transformer encoder, we achieved precision and recall metrics of 98.6%
and 99.8% on healthy leaves, respectively. In addition, our method detected gray leaves
with a recall value of 100%; this is an encouraging result, indicating that our multi-scale
patch embedding module can effectively extract gray leaves’ disease characteristics.
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Table 2. Comparison of three metrics to the results of other methods.

Metrics VGGI11 EfficientNet Inception- MobileNet ResNet50 ViT Tmp r.oved Our Proposed
v3 ViT Method
Accuracy 97.9% 91.6% 97.2% 90.2% 96.6% 93.9% 98.7% 99.5%
Precision
Leaf Blight 99% 90% 97% 88% 99% 92% 99% 98.4%
Gray Leaf 100% 97% 99% 99% 100% 96% 100% 99.6%
Healthy Leaf 96% 88% 96% 88% 94% 91% 97% 98.6%
Leaf Rust 98% 94% 98% 92% 96% 98% 99% 99.8%
Recall
Leaf Blight 96% 86% 94% 86% 91% 90% 97% 98.4%
Gray Leaf 97% 89% 98% 85% 97% 92% 99% 100%
Healthy Leaf 100% 92% 98% 93% 99% 95% 99% 99.8%
Leaf Rust 99% 98% 100% 96% 99% 97% 100% 99.8%

3.4. Interpretability Analysis

By utilizing the t-distributed stochastic neighbor embedding algorithm (t-SNE) [37],
the regional variation in data density is represented by distance, and the size of the cluster-
ing set does not reflect the actual distance. Taking advantage of this nonlinear generative
relationship, t-SNE is able to classify data results more accurately. As shown in Figure 6,
the various colors indicated similarities between the three types of diseased maize leaves
and the healthy leaves. Except for a small number of blight samples scattered far from
the set, the other three types of samples were well grouped in their own neighborhoods.
As a result, we can conclude that our proposed method is able to learn to identify similar
representations from different maize samples.

i L

Figure 6. t-SNE visualization of the feature representations of the validation set.

4. Discussion

Maize disease recognition is of paramount importance in the agricultural field, and
many researchers have studied a variety of algorithms for disease recognition; however,
there are still defects. Traditional machine learning methods have a poor feature extraction
ability, lack of robustness, and high requirements for training data quality—resulting in a
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low recognition accuracy. Deep learning methods are mostly based on neural networks;
detecting and predicting maize diseases effectively and accurately is difficult because only
local characteristics are taken into account and global information is not incorporated.

Despite the fact that we used images of three different varieties of diseased maize
leaves in addition to healthy maize leaves, their appearance features were relatively similar—
in particular, their predominant color was green. In terms of lesion characteristics, there
were no significant differences between the three types of diseased leaves (mostly small
spots), which presented an additional challenge for the detection method.

In our experiments, we tested eight methods: five CNN-based and three Transformer-
based methods. CNN-based approaches rely primarily on convolutional methods for
implementation and have the advantage of extracting local features. Our experimental
results indicated that VGG-11 achieved an average accuracy of 97.6%. In addition, Thakur
et al. [38] created a lightweight VGGNet to detect three crop diseases with an accuracy of
99.16%. Li et al. [39] combined inflated convolution and attention mechanisms to detect
corn diseases in a field environment.

The CNN-based methods produced good results; however, the overall effect was not
as effective as the Transformer-based methods due to the complex backgrounds of the corn
images in natural environments and the close relationships between the spots—whereas
convolution ignored long-range information, which is extremely important [40]. From our
experimental results, we can see that the patch-embedding operation segmented the maize
image into multiple patches and enhanced the correlation between the regions—thereby
improving the feature representation of the disease. The Improved ViT and our method
both achieved 100% recall metrics for two maize diseases—leaf rust and leaf blight—further
demonstrating the Transformer’s effectiveness for maize disease detection.

Based on the above discussion, our adversarial training collaborating multi-path
context feature aggregation network is able to obtain tokens of different scales through
multi-scale patch embedding, which can be independently input into Transformer encoders
through multiple paths. In the process of multi-path context feature aggregation, multi-scale
feature interactions can connect local features extracted by convolution with global features
obtained by the Transformer, which can maximize the advantages of the local connectivity
of convolution and the global relevance of the Transformer. Finally, the robustness and
feature extraction ability of the model are further improved by the adversarial training
method. On the Plant Village dataset—consisting of three diseases (blighted leaves, gray
leaves, and rusted leaves) and healthy maize leaves—we achieved an average accuracy of
99.50%. Our method has a strong practical application value; it can help planters detect
disease in a timely and accurate manner. It can also prevent and control pests and diseases,
improve maize yield, and increase economic benefits.

5. Conclusions

In this paper, we proposed an adversarial training collaborating multi-path context
feature aggregation network for maize disease density prediction. Multi-scale patch em-
bedding is capable of extracting multiple tokens with corresponding features from various
maize disease images, while multi-path context feature aggregation independently inter-
acts with the extracted tokens at different scales through multiple paths—thus achieving
effective multi-scale feature aggregation. Finally, we used the adversarial training method
to reduce the problem of network overfitting and further improve the robustness and gener-
alization of the model. We conducted quantitative analysis and interpretability analysis on
the Plant Village dataset. As a result, we achieved high-quality results—with a recognition
accuracy of 98.4%, 99.60%, 98.62%, and 99.80% for leaf blight, gray leaf, healthy leaf, and
leaf rust images, respectively. In the future, we will further optimize the network structure
to improve its recognition accuracy, and also apply it for the recognition of more kinds of
plant diseases.
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Abstract: The aim of the study was to identify consumers’ food safety knowledge, practices, and
hygiene status in the observed home kitchens. The results provide the starting point for evaluating
progress or regression in this area compared to the past statewide study. Food safety knowledge
was analyzed among 380 consumers with an online questionnaire. Additionally, 16 consumers were
observed during their preparation of specified foods. The hygiene conditions in the kitchens were
microbiologically examined using contact agar plates, while the cleaning adequacy was determined
by measuring the ATP bioluminescence. A lack of knowledge on certain topics regarding food
safety was established; the consumers aged from 36 to 55 in general and women demonstrated
the highest level of knowledge. In some cases, the observed consumers did not take proper action
when preparing the food. Increased total bacteria, coliform bacteria, and Escherichia coli counts were
detected in 12.7% of the consumers’ kitchens observed here. Eighty-three (74.1%) out of 112 surfaces
examined with either hygiene test sheets or ATP swabs met the standards and were adequately or
acceptably cleaned. The kitchen surfaces exceeded the recommended limits for 25% of consumers.
Statistical differences in RLU and TCC levels on surfaces between older and younger consumers
were not observed, although all (25%) inadequately cleaned kitchens belonged to older consumers.
The greatest emphasis has to be put on the cleaning of home kitchens and personal hygiene. Even
though consumers have some knowledge on food safety, they often fail to put that knowledge into
daily practice.
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1. Introduction

Many consumers are unaware of the fact that their home environment poses a risk
of foodborne disease outbreaks [1-3]. According to the EFSA and ECDC [4] report, the
category “domestic setting” was the most commonly reported setting (N = 97; 39.1% of
strong-evidence outbreaks) where foodborne outbreaks occurred. The research findings
show that consumers most often associate foodborne disease (FBD) with the catering
industry [5,6]. The recent Eurobarometer report [7] revealed that food hygiene is fifth
place out of 15 topics that most concern European consumers (32%) when it comes to
food and is at 10th place among Slovenian consumers (18%). Most food is prepared by
consumers at home [2], so knowledge about food preparation in their home kitchens
is all the more important, as it reduces the likelihood of FBD [8,9]. Proper consumer
behavior in food preparation is—in addition to the knowledge of food hygiene—a key
element in ensuring consumer safety [6,10-13]. The lack of knowledge and mishandling
of food during preparation is more common in consumer groups of young adults (18 to
29 years of age), men, and people older than 60 years [5,14]. Irregularities in food handling
at home are related to improper hand washing, the improper separation of equipment
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and utensils, inadequate cold food storage, cross-contamination, and the inadequate heat
treatment of food [3,5,15-17]. Against such a background, there is a constant and still urgent
need for improved domestic food hygiene knowledge and practice [2,17-19]. However,
consumer education activities are expensive to organize, maintain, and evaluate. Thus,
it is particularly important to correctly identify, target, and reach higher risk consumer
groups [20-22].

The main purpose of our research was to assess and determine the level of food safety
knowledge and food handling practices by consumers in the domestic milieu, including
their behavior during the preparation of selected foods and the hygiene conditions in their
home kitchens. The outcomes of this study also serve for a comparison with the data
collected among Slovenian consumers in a nationwide study in 2008 [5] in order to evaluate
the progress or regression of the results.

2. Materials and Methods
2.1. Consumer Food Safety Knowledge

To assess consumer food safety knowledge, we used a validated questionnaire, based
on a questionnaire from the Food and Drug Administration (FDA) [23]. Some additional
questions were added in order to compare the data with the previous Slovenian survey
on consumer knowledge of food safety, carried out in 2008 [5]. The questionnaire was
translated into the Slovenian language and tested among five experts in the food safety field
and 20 consumers of different age groups and genders, resulting in minor modifications
with the wording of questions.

The questionnaire was entered into an online survey application and a web link to the
questionnaire was sent to consumers via e-mail and social networks. The questionnaire
responses were analyzed using SPSS version 20.0 software (New York, NY, USA). To exam-
ine the relationships among and between the variables, a chi-square test for independence
(x? test) for categorical variables (nominal and dichotomous types) and an independent
sample t-test or ANOVA for ordinal variables (5-point Likert-type measurement scale)
treated as a continuous variable were used. Gender, age and educational level were used
as independent variables. The significance level of p < 0.05 was used.

2.2. Observing Consumers’ Food Handling Practices at Home

The sample for this qualitative research consisted of 16 people, selected based on the
snowball principle [24]. Out of these, 8 consumers were more than 65 years of age and
8 were younger than 35 years with small children. We decided on such a sample because
the elderly and children belong to a population group vulnerable to FBD. The responsible
household member was informed about the general aim of the research. When a responsible
household member agreed to participate, the date and hour were determined via the phone.
During the home visit, the consumers’ task was to prepare the raw food delivered to them
into a roast chicken leg, rice with carrots and peas, and cabbage salad. Individual steps
of their food handling were recorded in the observation checklist, which was prepared
on the basis of a review of other similar studies [2,6]. We observed the frequency and
method of hand washing; cleaning of equipment, utensils, and kitchen surfaces; prevention
of cross-contamination; method of food preparation; and heat treatment of food. A Testo
106 food thermometer (measuring range —50 to +275 °C, 0.5 °C accuracy at the range
—30 to +99.9 °C) was used to measure the temperature of the air in the refrigerators. The
air temperature was measured in the middle shelf in the refrigerator after the thermometer
had been in the refrigerator for 15 min.

Moreover, participants were informed about the possibility to refuse their participation
or to change their mind at any time during the home visit without any consequences. All
the data were collected with consent.

18



Processes 2022, 10, 2104

2.3. Imprint and Swab Sampling to Establish the Microbiological Quality and Hygiene of
Kitchen Surfaces

The microbiological conditions of work surfaces (Table 1) and utensils were established
with RIDA®COUNT Total test hygiene sheets to determine the total aerobic mesophilic
microorganism counts (total colony count—TCC), and RIDA®COUNT E. coli/Coliform test
hygiene sheets to determine the number of coliform bacteria, including E. coli (R-Biopharm
AG, Darmstadt, Germany). One sample per consumer was taken on a clean cutting board
and service plate (Table 1). The sampling procedure was applied in accordance with ISO
18593 [25] and the manufacturer’s instructions. The obtained results were compared to the
guidelines for the microbiological safety of food intended for the final consumer [26] that
define the criteria used to evaluate the cleanliness of surface samples.

Table 1. A table of the sample sites of test sheets for establishing the total number of aerobic
mesophilic microorganisms and the number of coliform bacteria, including E. coli, and the sample
sites of swabs taken to measure the ATP bioluminescence.

Method Sample Sites

Test sheets RIDA®COUNT Cutting board
Service plate

Knife for cutting meat

Work counter

Refrigerator wall (shelf for delicacies)
Dishwasher wall (rubber pad next to the filter)
Salad servers

Swabs taken to measure
the ATP bioluminescence

The cleanliness of the selected surfaces (Table 1) was evaluated by swabbing in order
to measure the ATP bioluminescence (Hygiena, CA, USA). The swabs were taken according
to the manufacturer’s instructions from a 100 cm? surface area and from the whole surfaces
of the cutlery and the knife used for cutting meat. The results were interpreted in relative
light units (RLU). The limit values recommended by the swab and luminometer producer
were used [27].

3. Results
3.1. Results of the Questionnaire

The online survey started in November 2018 and was completed in April 2019. Only
the relevant units that were fully (n = 260) or partially completed (1 = 80) were used for the
analysis. The key results of the survey are presented separately according to content areas.

3.1.1. Demographic Data

Table 2 shows the demographic data for the surveyed consumers (n = 340), i.e., age
group, level of education, and gender.

Table 2. Demographic data for the surveyed consumers (1 = 340).

Variable n %
Gender Men 63 19
Women 277 81
Age group 1st age group (18 to 35 years) 171 50
2nd age group (36 to 55 years) 107 31
3rd age group (over 56 years) 62 19
Education level Primary, secondary, and post-secondary * 185 55
University education, master’s degree, doctorate 155 45

Legend: * Post-secondary education includes a two-year post-secondary program of study.
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3.1.2. Risk Perceptions

In our study, more than half (65%) of the consumers believed that FBD were rare in
domestic households, and 62% of them claimed that people were more often infected or
poisoned by food consumed in restaurants. The majority agreed that food contaminated
with microorganisms posed a serious (50.5%) or very serious (38.6%) risk to consumers.
However, some specific responses in this category were mainly influenced by age (Table 3).

Table 3. Overall results of the questionnaire analysis and statistical significance (p < 0.05) by gender,
age, and education level.

- Sub ith
Overall p-Values v glzou.p Wi
Categories and Variables Studied A t Statistically
5 greemen Gender Age Education Significant Higher
Correctness/Rate Rate *
ate
Risk perception
.Certal'n groups of people are more susceptible to 71% 0352 0.015 0.003 Highly educated
infections and/or food poisoning. older consumers
Risk for infection and/or food poisoning is higher 71% 0.053 0.033 0.362 Younger
among the elderly. consumers
Risk for mfectlon. and/or fooq poisoning is higher 579 0687  0.041 0474 Middle-aged
among people with poor hygiene habits. consumers
Eatmg hyglem‘cally' prepared food cannot lead to 48% 0.923 0.006 0.291 Older
infection or poisoning. consumers
Awareness of microorganisms existing on food and surfaces
Prevention of infections from foods containing bacteria o Younger
of the Salmonella genus by thorough heat treatment. 69% 0-892 0.001 0-112 consumers
Agreeing .w1t1r.1 the fact t.hat raw chicken contains 63% 0.030 0.138 0.204 Women
pathogenic microorganisms.
Agreeing 'w1t}} the fact t.hat that raw seafood contains 500, 0.140 0.008 0.827 Middle-aged
pathogenic microorganisms. consumers
Washing hands
Approprlate hand drymg r.nethod (a paper towel or a 63% 0.719 0.036 0.100 Middle-aged
kitchen towel only for wiping the hands). consumers
Appropriate hand vYashmg technique (warm water and 60% 0.632 0.024 0.885 Middle-aged
soap) before preparing food. consumers
ApproPrlate hand washing time (more than 20 s) before 10% 0.008 0415 0.678 Women
preparing food?
Handling utensils after contact with raw meat
V\/\\I/;atsgmg the cutting board with detergent and warm 839% 0.000 0.095 0167 Women
Using another knife or washing the knife with detergent 78% 0.019 0.080 0.033 Highly educated
and warm water. consumers
Using another cutting board. 55% 0.064 0.27 0.060 Middle-aged
consumers
Cold chain maintenance
Control thermometer in the refrigerator. 30% 0.014 0.416 0.574 Women
Use of insulating bag after purchase of perishable food. 23% 0.137 0.023 0.176 Older
consumers
Food thawing
Approprlate thawing technique of frozen meat (in the 509, 0.509 0105 0.015 Highly educated
refrigerator). consumers
Food handling after heat treatment
Appropnat.e reheating leftovers (until boiling and boil 62% 0.906 0.039 0.115 Middle-aged
for a few minutes). consumers
Appropriate cooling method for heat-treated dishes (in 50% 0.622 0.011 0.071 Middle-aged
less than two hours after heat treatment). consumers

Note: * Detailed information on the results of the subcategories can be found in Sections 3.1.2-3.1.8. Younger
consumers (1st age group): 18-35 years; middle-aged consumers (2nd age group): 36-55 years; older consumers
(3rd age group): over 56 years; higher level of education: university education, MSc., PhD.
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Consumers in the 3rd age group were much more likely to agree (72.2%) that certain
populations are more susceptible to food poisoning compared to the 2nd (62.8%) and 1st
(47.9%) age groups. In contrast, elderly consumers (3rd age group) least agreed (56.4%) that
elderly are at higher risk of foodborne infections compared to the 2nd and 1st age groups,
with 73.4% and 75.0% agreement, respectively (Table 3). Elderly consumers (3rd age group)
least agreed (43.6%) that people with poor hygienic habits are at higher risk of foodborne
infections, while the 1st and 2nd age groups agreed at 56.0% and 64.9%, respectively.

3.1.3. Awareness of Microorganisms on Food and Surfaces

The awareness of microorganisms was highest among younger consumers in the first
age group and lowest among older consumers in the third age group. When asked about
specific microorganisms, the bacteria Yersinia enterocolitica (21%), Bacillus cereus (25%), and
Clostridium perfringens (29%) were the least known, while Salmonella (96%), E. coli O157
(56%), and Staphylococcus aureus were among the best known. The respondents overall
considered chicken to be riskier compared to seafood (Table 3). Women associated raw
chicken meat with pathogenic microorganisms more than men, with 66.7% and 48.1%
selecting the “very likely” option, respectively. On the other hand, the knowledge of how to
prevent infections from food containing Salmonella was age-dependent (Table 3). Younger
consumers were most likely (75.9% and 72.8% in the 1st and 2nd age groups, respectively)
to see thorough cooking as the best course of action, while older consumers (3rd age group)
saw this as an option only in 46.3%, while 44.4% no longer considered this type of food to
be safe at all.

3.1.4. Washing Hands

The questionnaire revealed that 60% of consumers reported washing their hands
always with warm water and soap before preparing food, while the rest reported washing
their hands almost always (31%) or sometimes (9%). The technique of hand washing (with
warm water and soap) was found to be age-dependent (Table 3), as in the 1st and 2nd age
groups 67.7% and 65.5%, respectively, reported always washing their hands in this manner,
while only 51.9% (p = 0.024) reported this in the 3rd age group. The handwashing time
turned out to be the most critical element of hand hygiene. Among the 290 consumers, 26%
reported washing their hands for 10 s or less, 46% for 11 to 20 s, and 10% for 20 s or more,
while the others gave no consideration to the washing time. Significantly more males (43%)
than females (23%) washed their hands for only 10 s or less. The statistical analysis (Table 3)
revealed that women reported washing their hands for longer than men (p = 0.008). After
washing their hands, 37% of the consumers reported using a kitchen towel that was only
for drying hands, followed by those who used paper towels (26%) and those who used a
kitchen towel that was also used for drying dishes (22%). The proper technique of hand
drying was reported (Table 3) significantly more frequently by older (78.3% and 77.1%
in the 2nd and 3rd age groups, respectively) consumers than by the 1st age group, who
reported a proper technique of hand drying in 63.2% of respondents.

3.1.5. Handling Utensils after Contact with Raw Meat

Overall, 17% of the consumers (Table 3) reported risky practices with potential for
cross-contamination, while washing the cutting board after use (cutting raw meat) with
water only was more frequent in males (35.3%) than females (13.5%) (p < 0.001). Similarly,
after using the knife (cutting raw meat), males were more likely (35.3%) than females
(19.1%) to wash it with water only. After cutting red meat or poultry, 61.2% of consumers
in the 2nd age group and 56.8% in the 1st age group used a second cutting board for
vegetables, while only 39.7% of consumers in the 3rd age group reported this practice
(p =0.027).

On the other hand, after cutting raw meat, a large share (44%) of the consumers
reported to washing the cutting board with detergent and warm water (38% of all female
and 27% of all male consumers).
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3.1.6. Cold Chain Maintenance

Of all the categories studied, the lowest food safety performance was found in main-
taining the cold chain (Table 3). Thirty percent of respondents reported having a thermome-
ter in their refrigerator at home, with females reporting this more often (33%) then males
(18.5%) (Table 3). More than half of the respondents (51%) did not know the temperature
in their refrigerator. Of those who said they had a thermometer, slightly more than half
(54%) knew the temperature. As many as 40% of consumers reported never checking the
temperature or only checking it when food felt too hot or too cold (32%), while the rest
checked the temperature daily, once a month, or weekly (28%). The consumers were asked
to indicate the temperature in their home refrigerator. The mean value of the temperatures
reported was 5.4 °C. Most consumers (31%) indicated that the temperature was 5 °C. After a
purchase, the use of an insulated bag to maintain the cold chain was found to be age-specific
(Table 3), and was most commonly used by the third age group, who reported always using
it (33.3%), followed by the second (21.7%) and first (19.3%) age groups.

3.1.7. Food Thawing

Frozen meat was reported to be properly defrosted by 52% of the consumers (34% in
the refrigerator, 11% under cold running water, and 7% in the microwave), while 42% and
6% of the consumers defrosted meat on the kitchen counter and never defrosted frozen
meat, respectively. The defrosting of frozen meat was related to the level of education
(Table 3), with those with low education most likely (47.3%) to defrost frozen meat on
the kitchen counter, while 36.8% of those with higher education reported this practice
(p =0.015).

3.1.8. Food Handling after Heat Treatment

Half of the 250 consumers reported allowing the prepared dish to cool at room tem-
perature for less than two hours, 28% of them for more than two hours, and 21% did not
pay attention. The majority (88%) handled the roasted meat correctly after heat treatment,
as they did not place it in the container where the raw meat had been stored. Reheating
(heating food quickly to 75 °C or hotter by stirring to distribute the heat over the entire
surface) was reported by 62% to be done until the food is boiling, followed by 26.1% who
reheated only until the food is warm enough and suitable for immediate consumption. The
rest indicated that reheating was not necessary as leftovers were thrown away or given
to animals.

The methods of cooling heat-treated dishes (cooling to a temperature of about 20 °C
within a maximum of two hours, then refrigerating up to 5 °C or freezing —18 °C immedi-
ately afterwards) and reheating leftovers were age-dependent (Table 3). The proper cooling
method was applied in 25.8%, 18.8%, and 10.3% of age groups 2, 3, and 1, respectively.
Similarly, the method of reheating was applied in 71.4%, 65.5%, and 53.2% in age groups 2,
3, and 1, respectively.

3.2. The Results of Observing Consumers and Their Food Handling Practices

Observations of the preparation of the selected foods were carried out with prior
arrangements at the consumers” homes. We observed 16 consumers, 8 of whom were over
65 years old and 8 under 35 years old with children aged 5 years or younger. We observed
8 women, 4 being under 35 years of age, and 8 men, 4 being over 65 years of age, preparing
selected foods.

3.2.1. Hand Washing

Through the observations of consumers’ food handling, it was found out that 8 of
16 washed their hands properly with soap and warm water, out of which 2 were over
65 years and 6 were younger than 35 years. Four consumers did not wash their hands
and another 4 did not wash them correctly. The latter were over 65 years old (2 men
and 2 women); they did not use soap or used cold water when washing their hands.
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The differences between genders were not obvious. After contact with raw poultry meat,
8 consumers washed their hands correctly, with half of them being younger than 35 years
and half of them being older than 65 years. Women demonstrated much better conduct
after handling raw poultry meat, since 5 women washed their hands correctly (out of which
4 were over 65 years and 1 was younger than 35 years), while 3 men did so (2 younger and
1 older).

After washing, 3 consumers correctly wiped their hands, namely 1 older and 1 younger
consumer, who both used paper towels, as well as 1 younger consumer who used a kitchen
towel for this purpose. The others did not wipe their hands or wiped them incorrectly with
a kitchen towel that was used for wiping hands, surfaces, and dishes.

The duration of washing hands for the surveyed consumers before starting to prepare
food and after handling raw poultry meat and raw vegetables was too short, since none of
the surveyed consumers washed their hands for more than 12 s.

3.2.2. Cleaning the Cutting Board after Its Use

Nine out of 16 consumers, of which 6 were younger and 3 were older consumers,
correctly cleaned the board used for cutting raw poultry meat. The consumers cleaned the
board with warm water and detergent and rinsed it with warm water (n = 6) or they put the
board in the dishwasher (# = 3). Two male consumers over 65 years only washed the board
with cold water and without detergent, and five consumers did not clean the cutting board
(4 of them did not use the board, while 1 younger consumer subsequently used the same
board without washing it to cut vegetables). No significant differences between genders
were detected.

3.2.3. Measurements of Air Temperature in Refrigerators

At the time of measurement, only 2 of 16 refrigerators were operating below the rec-
ommended temperature (5 °C) for consumer refrigerators [28]. Nine out of 16 refrigerators
operated above 7.0 °C, while the rest operated within the tolerance range (5 £ 2 °C). The
highest measured temperature in a refrigerator was 12.9 °C, while the lowest 4.1 °C. The
average temperature in the refrigerators of consumers younger than 35 years was 7.1 °C
(max 9.2 °C; min 4.1 °C), while for consumers over 65 years it was somewhat higher, namely
7.6 °C (max 12.9 °C; min 4.5 °C).

3.2.4. The Risks of Cross-Contamination during Food Preparation

Fourteen consumers did not use separate boards and knives to prepare meat and
vegetables. Only 2 male consumers separated items correctly. Ten consumers correctly
separated raw poultry meat from other food types, 5 of whom were over 65 years. The
others did not separate them consistently. We also paid attention to the separation of raw
foods from ready-made foods, which was respected by the majority (14) of consumers.
Two younger male consumers separated them inconsistently. The majority of the observed
consumers (14 out of 16 observed) did not wash poultry meat before preparation, which is
in line with the recommendations (28). Before using it, the meat was washed by 3 women,
namely 2 younger than 35 years (out of 8) and 1 older than 65 years (out of 8).

Seven consumers washed carrots before cutting them. Nine consumers did not wash
carrots, out of these 5 were younger and 4 were older consumers. Only one younger
consumer peeled the carrots before cutting and washed the cabbage before preparation,
while the other 15 consumers did not wash them but instead only removed the outer leaves.

3.3. The Microbiological Quality Results and the Cleanliness of Surfaces
3.3.1. Hygiene Test Sheets

The presence of presumptive coliform bacteria, including E. coli, on the cutting boards
was detected in one surveyed consumer. According to the manufacturer’s instructions
(R-Biopharm, Germany), the lowest detection limit for the total colony count and coliform
bacteria (E. coli) is 1 CFU/20 cm?, while the maximum number of colonies per sheet is
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RLU/100 cm? or total area

700

200

100

250 CFU/20 cm?. Since only two characteristic colonies grew on the medium and were not
further identified in this sample, this result cannot be used to interpret the adequacy of the
surfaces examined here. In the other 15 consumers, E. coli and other coliform bacteria were
not detected, which means that the samples from the mentioned surfaces complied with
the parameters from the guidelines for the microbiological safety of food intended for the
final consumer [26], stipulating that no E. coli bacteria are found in a swab.

Based on the TCC values, we classified each surface into one of three groups: ade-
quately cleaned, acceptable, and inadequately cleaned. The acceptable level for the TCC on
kitchen utensils is 100 CFU /20 cm? or 2.0 log CFU /20 cm? according to the guidelines [26];
thus, we assessed surface contamination above these levels as inadequate. Surfaces with
TCC levels below log 1.0 CFU/20 cm? were defined as adequately cleaned. Surfaces
were classified as acceptably cleaned when the TCC values were between log 1.1 and
log 2.0 CFU/20 cm?. The TCCs were above log 2.0 CFU/20 cm? on two cutting boards
(12.5%), while the plates of all consumers were adequately (n = 12, 75%) or acceptably (4,
25%) cleaned.

According to the TCC limits of the two tested utensils as a whole, we divided the
individual consumers into four classes as follows: 1st class: cutting board and plate were
adequately cleaned; 2nd class: one of the tested surfaces was adequate and the other was
acceptable; 3rd class: both surfaces were acceptable; 4th class: one or both tested surfaces
were inadequately cleaned (Table 4).

3.3.2. ATP Swabs

The measurements of ATP bioluminescence were used to evaluate the cleanliness of
the selected surfaces (knife for cutting meat, work counter, refrigerator walls, dishwasher
wall, and salad servers). The manufacturer’s recommended limits were used to inter-
pret the results obtained as adequately cleaned (pass, 0 to 10 RLU), acceptably cleaned
(caution, 11 to 30 RLU), and inadequately cleaned (fail, 31 RLU and above)/100 cm? of
surface [29]. No less than 26 (40.6%) of the surfaces tested were inadequately cleaned
according to these criteria. The average RLU values were the highest on knives used for cut-
ting meat (163.68 & 266.28). These utensils were inadequately cleaned by half (1 = 8) of the
16 consumers surveyed, while only 31% (1 = 5) were rated as adequately clean. The highest
RLU value/total area of the knife was exceeded by more than 100 times (Table 4, Figure 1).

- ,

Knife Cutfing board Refrigerator wall Dishwasher wall Sal3gd mixing
utensils

Surface

W Younger Older

Figure 1. Average RLU values of the kitchen surfaces referring to older and younger consumers,
measured via ATP bioluminescence (1 = 16). Note: The measurements of dishwasher walls referring
to older consumers were not included because most of them did not have this appliance.
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Table 4. Cleanliness of surfaces and utensils used by the observed consumers based on the ATP
bioluminescence and total colony count results.

ATP Bioluminescence TCC (log CFU/20 cm?)
Consumer Knife Working Refrigerator Salad M%ng .
Group (RLU/Total Counter Wall Utensils * Cutting b e %
Area) (RLU/100 cm?)  (RLU/100 cm?) (RLU/Total Board
Area)

Y1 8 64 1 3 3 1.90 0.60 2
Y2 116 401 8 58 4 1.25 0.30 2
Y3 317 25 0 1 3 1.51 0 2
Y4 306 101 1 9 4 0.90 0 1
Y5 0 43 0 3 3 1.30 0.30 2
Y6 115 5 2 7 3 1.51 1.23 3
Y7 11 38 125 472 4 1.25 0 2
Y8 18 22 6 7 2 0 0 1
o1 51 104 6 3 4 2.31 0.84 4
02 12 81 9 15 3 0 0 1
03 7 251 37 9 4 0.30 1.04 1
O4 4 96 2 1 3 0.60 1.45 2
05 0 11 80 0 3 0.48 0 1
06 484 359 5 1 4 1.71 1.88 3
o7 1003 620 201 6 4 1.30 1.53 3
08 167 76 32 3 4 2.60 " 0.85 4

Average 163.68 143.56 23.19 37.38 1.18 0.63

SD 266.28 174.84 56.86 116.17 0.77 0.65

Note: Y: group of younger consumers; O: group of older consumers; RLU: relative light units—the bold black
values mean that the cleanliness of the sampled surface is inadequate; TCC: total colony count. * Degree of
surface cleanliness was estimated according to the producer’ instructions (Hygiena, 2021) as a pass (adequate, 0 to
10 RLU), caution (acceptable, 11 to 30 RLU), and fail (inadequate, 31 and more) per 100 cm?, and four classes were
formed: 1st class: three or four surfaces belong according the RLU values to pass, none to fail; 2nd class: two
surfaces belong to pass according the RLU values and two surfaces belong to caution; 3rd class: three surfaces
belong to pass or caution according to the RLU values and only one belongs to fail; 4th class: two or more
surfaces belong to fail according to the RLU values. ** Degree of surface contamination was estimated according
to Guidelines (2019) with the compliant limit values of the TCC on kitchen utensils under 2.0 log CFU /20cm? and
four classes were formed: 1st class: the TCC on the cutting desk and plate was below log 1.0 CFU/20cm2; 2nd
class: TCC of one surface was below log 1.0 CFU/20cm? and the TCC of the other was between 1.1 log CFU and
2.0 log CFU/20cm?; 3rd class: TCC of both surfaces was between 1.1 log CFU and 2.0 log CFU/20cm?; 4th class:
TCC of one or both tested surfaces was above 2.0 log CFU/ 20cm?; en: estimated number.

According to the ATP bioluminescence measurements, the work counter was rated as
inadequately clean for the majority (75%, n = 12) of the consumers surveyed, while only
one (young) consumer (6.3%) had an adequately clean working counter (Table 4).

The refrigerator walls were found to be inadequately clean for 5 (31.3%) consumers,
although the average RLU values were the lowest compared to the other surfaces tested
(32.19 + 56.86 RLU/100 cm?) (Table 4, Figure 1).

The samples taken from the walls of the dishwasher (rubber pad on the filter) were less
numerous because 44% of the consumers surveyed (7 elderly) did not have a dishwasher at
home, so they were not included in further calculations. About 55.6% (1 = 6) of 9 samples
showed acceptable cleanliness for the dishwasher walls, while 22.2% (n = 2) each were
adequate and inadequate, respectively.

The ATP bioluminescence results for salad utensils (forks, spoons, stirring spoons)
were encouraging, as 81.2% (n = 13) of the samples could be rated as adequately cleaned,
while one sample was acceptably cleaned and 12.6% (n = 2) were inadequately cleaned.
The RLU levels were highest on the surfaces in kitchens mainly belonging to the older
consumers, except for the salad mixing utensils (Figure 1).

Following the same principle of classifying consumers based on TCC limits, we did
the same based on RLU limits, as follows: 1st class: three or four surfaces were adequate
according to the RLU values, none were inadequate; 2nd class: two surfaces were adequate
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according to the RLU values and two surfaces were acceptable, none were inadequate;
3rd class: three surfaces were adequate or acceptable according to the RLU values, only
one was inadequate; 4th class: two or more surfaces were inadequate.

After classifying the hygienic adequacy of the surfaces based on the RLU and TCC
values, we calculated the sum of the classes for each individual consumer and defined
the overall hygienic conditions in their kitchen. In 4 (25%) kitchens, the surfaces were
inadequately cleaned, and all of them belonged to the older consumers. The hygiene levels
of the observed kitchen surfaces and utensils were acceptable and adequate in 9 (56.3%)
and 3 (18.8%) of the observed consumers, respectively. Statistical differences in RLU and
TCC values on the surfaces when using the t-test for independent samples between older
and younger consumers were not observed (p = 0.33).

4. Discussion

It was assumed that consumers with a higher level of education would have more
food safety knowledge, but was not be fully confirmed, as it was found that there were only
certain areas where consumers with a higher level of education showed better performances
than those with a lower level of education. However, this is not a surprising result,
since food safety is part of regular education only in primary schools and in professional
education in the field of food science. The Food Safety Survey by the FDA [23] found that
food was handled the least safely by the youngest American consumers, by the oldest,
and by those with the highest level of education. In studies that gathered data through
questionnaires and by observing consumers during food preparation, it was established
that many consumers correctly answered questions about food safety and good hygiene
practices, but they often acted contrary to what they stated in the questionnaires [1,18,19,22];
the chances of FBD are, thus, much higher than shown in the epidemiological data [2,10,21].

One of the reasons for violations of good housekeeping practices according to Red-
mond and Griffith [30] is optimistic bias related to the perceptions of risk in the context
of food safety from the foods people prepare. The unhygienic food handling conditions
at home in the current study contradict the lowest ranked risk perceptions according to
Redmond and Griffith [30]. In our study, more than half of the consumers believed that
FBD were rare in domestic households and claimed that people were more often infected
or poisoned by food consumed in restaurants. Although the last Eurobarometer report [7]
revealed that food hygiene ranks 5th considering the topics on food that most concern
European consumers, food hygiene is rated as last (18%) among Slovenian consumers. Our
study also pointed out that the elderly consumers least agreed about the elderly being at
higher risk of foodborne infections compared to younger ones and about people with poor
hygienic habits being at higher risk of foodborne infections.

Proper hand washing before and during food preparation according to the survey
was done more consistently by female consumers than by male ones. When comparing
the results with a previous similar study among Slovenian consumers [5], we can see that
86% of consumers always washed their hands before preparing food. Our present research
illuminated the fact that the situation is not improving; on the contrary, we found that
only 60% of consumers always washed their hands before preparing food. The study by
Jevsnik et al. [5] found that more than half of consumers washed their hands for less than
10 s. In our recent study about one-quarter reported a hand washing duration of less than
10 s. Furthermore, 67% of consumers washed their hands with soap and warm water after
handling raw red meat, chicken, or fish, which was more than in the study by Jevsnik
et al. [5], where the relevant share was 57%.

The questionnaire results showed that slightly less than half of the consumers de-
frosted food at room temperature, while the rest carried out the procedure correctly in
the refrigerator, under running cold water, or in a microwave oven. Lower results were
reported by SterniSa et al. [31] and Jevsnik et al. [5], where almost three-quarters (73%) or
half (50%) of the consumers thawed frozen meat at room temperature. Studies from abroad
found that meat was thawed at room te