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Food plays a vital role in everyday life, and public awareness of food quality has
increased. The availability of many types of food has made it difficult for people to
choose the right type of healthy food for consumption. The Convolutional Neural
Network (CNN) and k-nearest neighbours (KNN) algorithms can be used to create
classifgmtion and identification models, including food identification. Therefore, we
need a system that can quickly identify the tvpe of food and calculate the calorie
value contained in the food to be consumed to maintain a healthy diet. To create the
best identification model based on the goodness of the model. Metrics for accuracy,
prediction, recall, and Fl-score will be used for food identification uggme the CNN
and KNN algorithms. This research method extracts food image input using the hue,
saturation, and value (HSV) color space. Then the extracted data is classified using
the CNN and KNN algorithms. Simulation in thismldy is done using 900 food images.
The data is divided into two categories, namely training and test data, with a ratio
of 75 and 25 %, respectively. The KNN algorith as tested with £ = 3, 5, and 7, in
simulation process and compared with the CNN. Based on the experiments conducted,
it was found that the CNN method was better than the KNN Algorithm. There are
two classes of food types that are resulting with wrong predictions, while the CNN
method predicts only 1 class of food type as wrong. This is indicated by the accura
of the CNN method, which is 5% better than the KNN(3) method. The accuracy 9
the CNN method is 94 %, while the accuracy of the KNN(3) method is 89%. The
Fl-score value for the CNN method is 0.94 and the KNN(3) method is 0.89. The CNN
allows the model to produce an average precision of 87.7%, the accuracy of 86.89 %,
recall of 86.89 %, and Fl-score of 86.33%. The model formed using CNN is the best
food identification model based on this simulation.

Keywords: food image recognition, convolutional neural network, k-nearest neigh-
bours, HSV color space.
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Introduction

Healthy food 1 one of the essential requirements for long life. However, &)b&h’z&tion and
urbanization have greatly affected people’s habits of consuming fast food and luxury items
with high-calorie content . In recent years, food has played an essential role in everyday
ﬁ because it is closely related to various diseases. The rise in various degenerative diseases
such as obesity, heart disease, type 2 diabetes, hypertension, and cancer has increased
public awareness of the importance of food quality .

Image recognition identifigggand detects objects or features in digital images or videos.
This concept performs many machine-based visual tasks, including labelling image content
with meta-tags, searching for image content, and recognizing food based on color, shape, and
texture. lmage recognition is a straightforward task for humans and animals, not computers.
Therefore, it is necessary do human learning in computer programming. Food image
recognition is a promising visual object recognition application because it will help estimate
foo?calories and analyze eating habits for health .

eature extraction is the process of indexing an image database with its contents. Math-
ematically, each feature extraction is an encoded version of an n-dimensional vector called
a “feature vector”. The feature vector component is calculated by image processing and
analysis techniques and is used to raise the features’ significance and reduce ae feature
vectors’ dimensionality . Feature extraction is used for image classification. The region
can be defined in a global or local environment and distinguished by shape, texture, size,
intensity, and statistical properties. Several feature extractions in the image were used in
this study. HSV is one of several cqgmr spaces used for feature extraction in computer vision.
The HSV color space defines color in terms of hue, saturation, and value. The advantage of
HSV is that there are colors that are the same as those captured by the human senses and
separate the luminance color component from chrome .

There have been several studies on food object recognition, inclugige |3|, which con-
ducted a study using a simplified convolutional neural network (CHa) for food recognition
and proposed jumping convolution to extract food image features. N igpue type of deep
learning model to process data with a grid pattern like the image . Aﬁ%s a machine
learning method developed from developing multi-layer perceptions, designed to process two-
dimensional data. CNN also has a deep feed-forward architecture and excellent generalizabil-
ity compared to a fully connected network . The KNN (k-nearest neighbor) algorithm h
been widely used to classify problems like classification, genetics, and forecasting. IKNN 1is

won-parametric supervised learning method that is used for classifications and regression.

N is a type of classification where the function is only approximated locally, and all the
computation is deferred until function evaluation. KNN has several advantages, including
being simple, easy, and more eflicient, having quite competitive performance compared to
similar methods, and being more robust to data with a lot of noise l

Being able to improgmylassification performance and reduce outlier effects, especially in
small data sets . ased on the advantages of the KNN algorithm. we want to propose
the KNN algorithm to model the food identification system in this study. Even so, KNN
has some weaknesses. Some of the weaknesses of KNN are that KNN has poor run time
performance during training and is very sensitive to irrelevant features and large numbers .
KNN is called a lazy learn algorithm because it does not build a model and requires
large Mgy to store training data . Therefore, a comparison is made with the CNN
method to assess the performance of two algorithms in identifying food.
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CNN is a promising technique with high precision and accurate performance compared
to other image processing techniques . Also CNN can select features without supervision
: and the preprocessing required is much less than other neural network techniques .
While the KNN algorithm has several advantages, it was chosen to be used in this study
because of its ability to classify data accurately by, first, correctly selecting the & value of the
nearest neighbour . Aside from the KNN algorithm being simple to use and intuitive to
grasp, it can learn non-linear decision constraints and provide very flexible decisions based
on the &k values when used for classification. There is a single hyperparameter, & value,
that is constantly evolving with new data. This makes fine-tuning hyperparameters simple.
There are numerous distance metgiss to choose from .

According to the findings of E& study, the proposed CNN method can perform the

ke of recognizing food quickly and accurately, as presented in research : which showed
a CNN-based food image segmentation that does not require pixel annotation. The study
concluded that the deep CNN method (the proposed DCNN) outperforms the region-based
CNN (RCNN) in detecting food regions. The study m also demonstrated a system for
categorizing food images using the KNN algorithm. Compared to the Yahoo KNN, the
system for identifying and classifying food using the Yahoo Kosakata Tree can improve
accuracy. The article |20 also investigates food segmentation using the recipe learning
module method (ReLeM). This study makes use of large amounts of data to segment food
images. It was found that a more detailed model of food segmentation is needed. Therefore,
the presea study aims at developing the best food identification model based on model
goodness metrics such as accuracy, prediction, recall, and F1-score using the CNN and KNN
algorithms.

1. Research and methodology
1.1. é—lSV color space

The HSV color space defines color in terms of hue, saturation, and value. Hue represents
true colors, such as red, violet, and yellow. Hue is used to distinguish between shades and
determine light rerwss and greenness . A hue value between (0 and 1 means a color
between red passes through yellow, green, cyan, blue, magenta, and back to red. Saturation
values ranging from 0 to 1 indicate that the color is unsaturated (gray) to fully saturated
(not white) . The 3-dimensional HSV vector is converted to a 1-dimensional vector while
still considering the weight of each HSV component value . The HSV image extraction
process is cagmied out with the following steps :

1. Inputﬂ image to be extracted.

2. Convert RGB images to HSV using the following steps .

e R, G, and B values are divided by 255 to reduce the range from [0;255] to [0; 1]:

Be= R/[255. G' = G /255, B’ =IBIass.
Gt =Fmnxlilt GIF B .68 —min (BTG [BF A =i o 4 -

e Calculate the hue:

0, A=0

60° ([((G' — B")/Almod 6), Cuux = R/,
60° ((B'— R)/A+2), Chuax = G,
60° ((R'— G")/A +4), Claxe = B
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e Calculate the saturation:

9 o U Cmax — U
) A/Craxs Conax # 0.

e Calculate the value:
V = Cha, Cis color.

o

. Separate the values of each component: hue, saturation, and value.
. Identify H, 5, and V according to the value for each feature.

. Data will be segmented based on the H, S, and V criteria.

6. The data is ready to be processed with further analysis.

NS RN

1.2. KNN algorithm

The steps of the KNN algorithm are [25}:
1. Determine the number of parameters k (number of nearest neighbours).
. Using the following equation, calculate the distance (similarity) between all new objects

d(a;,b;) = \/_(?_ b1)? + (a2 = b2)? + - - + (@, — by)?

where ag — i-th test data on the [-th variable; b;; — j-th training data on [-th variable;
d(a;, b;) — dist ; N — dimension of independent variable data.

Sorting data by distance value from the smallest to the largest value.

Taking datqtrom several values of k.

Determine the label that appears most frequently in the % training records closest to
the object.

1.3. %\IN

CNN is a deep learning method that gives significant results because it tries to imitate the
image recognition system in the human visual cortex to procesggmage information in an
architecture that can be trained and consists of several stages. e CNN method consists
of two stages. The first stage is image classification using feed-forward. The m)nd stage is
the learning stage with the backpropagation method . CNNs mimic the way our nerve
cells communicate with interconnected neurons, and CNNs share the same architecture. The
convolutional operation makes it unique from other neural networks, which apply a filter to
each part of the previous input to extract patterns and feature maps. Some of the main
stages on CNN are described below.

Convolutional layers are thggprimary building blocks of CNN. Convolution is a mathe-
matical operation that combines two sets of information. In this case, convolution is applied
to the input data via aggonvolution filter to generate a feature map. Convolutional layers
are the layers in which ﬁers are applied to the original image or other feature maps in a
deep CNN. The majority of the network’s user-specified parameters are in this location. The
most critical parameters are th number of kernels and the size of the kernels.

Pooling layers are used to reduce the number of parameters of the input tensor so
that:

1. Helps reduce overfitting.

2. Identify representative features in the input tensor.

3. Reduce computation to improve efliciency.

[}

AT
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gully connected layer. The output from the final pooling or convolutional layer, which
has been flattened, is then entered into the fully connected layer. The final pooling and
convolutional layer results in a 3-dimensional matr'mha.t needs to be flattened by converting
all the values into vectors. These Hattened vtors are then connected to the same number of
fully connected layers as the neural watwork and perform the same mathematical operations.
The following calculations are used for each layer of the artificial neural network:

g(Wax +b),
wlhgge © — input vector dimension [p;, 1]; W — weight matrix with dimensions [p;, n;| where,
pr 18 the number of neurons in the previous layer and n; is the number of neurons in the
current layer; b — bias vector dimension [p;, 1]; g — activation function.

Dropout is a neural network regularization technique where some neurons will be ran-
domly selected and not used during training. These neurons are practically discarded ran-
domly. This means that the contribution of discarded neurons will be stopped while the
network and new weights are not applied to neurons during backpropagation.

1.4. Validation and evaluation

gossrvalidation: often referred to as rotation estimation, is a model validation technique to
assess the optimization of the analysis results. gesides, cross-validation is also a composi-
tional technique in determining the amount of training data and testing data to be used.
One of the most commonly used cross-validation methods igg#he holdout method. In this
study, the holdout method is used, where the initial data that is partitioned into two random
sets called training data and testingewlata. Data is divided into 75 % for training and 25 % for
testing . 'ﬁ\ evaluation aims to determine the level of success of the study. Evaluation
in this study uses a acy, precision, recall, and Fl-score in the confusion matrix.

The higher the accuracy, precision, recall, and Fl—scormalnes: the better the system
developed by ﬁ to calculate the evaluation, using the following equation:

Fl-score = L ( : - : ) +100%, precision = L ' Iy 100 %.
2 \ precision  recall ' TP+ FP B
TP+TN - r | o o TN
accuracy = TP+ FP+FN TN sensitivity = TPZFN TFN specificity = TN FP TFP

where T'P — number of true positives; TN — number of true negatives, P — number of

positive records, N — number of negative tuples, F'P — number of false positives.

2. Result and discussion

Result. The data used in this paper are 900 food images, consisting of images of nine types
of food: tempeh, steak, sausage, rendang, nuggets, rice, red rice, saut’eed water spinach,
and green bean porridge (Fig. . Photos of the food were taken with a smartphone camera
equipped with a 48 MP quad camera. Photos of food were also obtained from various sources
to 51.1pplmnet?eaming and testing data collection. The data in the [ma of original images
of food were divided into two parts for training and testing, with 75 %ges training data and
25% as test data in the formation of the model. Randomization of the training and test
data was performed, considering the representation of each type of data.
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trics are used in this study to examine various models of the feeding viewing system.
The metrics used are accuracy, precision, recall, and Fl-score. The food system model also
employs the KNN algorithm with & = 3, 5, and 7, as well as the CNN. The value of k in
the KNN algorithm 1s calculated based on the amount of existing data and the size of the
dimensions formed by the data. The lower the number of & chosen, the more data there is.
However, the greater the dimensionality of the data, the greater the number of & that should
be chosen. As a result, the simulation is carried out by testing the values of £ =3, 5, and 7
to determine the best test.

The accuracy value of the food identification system using the KNN algorithms and CNN
is obtained based on the simulation, as shown in Fig. The CNN method produced the
highest accuracy value for all types of food. The value of &k = 3 means that the group is
formed by the involvement of three closest neighbours, while & = 5 denotes that the group
is formed by the participation of the five closest neighbours of the group. Similarly, if k =7,
the seven closest neighbours in the data set are used to form the group. The amount of
existing datgggnd the size of the dimensions formed by the data are used to determine the
value of ey The highest accuracy value in the KNN method varies depending on the type
of food. e highest accuracy value in the KNN(3) method is shown in the identification
of green hean porridge, rice, and nuggets. While the identification of sausages and steaks

green bean porridge rendang saut’eed water spinach

. NVET fsd

: Fy . el
. b % y: g b
Ciwodee ESIIE

nuggets rice steak
p '
i [
4
red rice sausage tempeh

M

Fig. 1. Examples of sample data

B
g 08 ]
g 4
g o /
£ -
0.6
~ [Green | Saut'ced | Red rice | Rice Nuggets | Rendang| Sansage | Steak Tempeh
bean water
porridge | spinache
—_ E=30.7 0.73 0.55 0.88 0.78 0.65 0.68 0.7 0.75
o ke =50.62 0.73 0.6 0.85 0.7 0.68 0.65 0.62 0.75
—— = T7|0.65 0.75 0.65 0.85 0.73 0.73 0.68 0.6 0.78
CNN|[0.93 0.93 0.93 0.9 0.85 0.78 0.83 0.88 0.8

Fig. 2. The accuracy value of food identification using the KNN and CNN methods
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had the highest accuracy at KNN(5), ﬁle highest accuracy value in the KNN(7) method
was demonstrated in identifyving food such as saut’eed water spinach, red rice, rendang, and
tempeh.

According to Fig.[3] the CNN method has a higher precision value than the KNN method
for all of the foods tested. The CNN method produces an average precision value of more
than 87 %. While using the KNN method, the resulting precision value varies depending on
the type of food and the value of k. When identifying green bean porridge, rice, nuggets,
sausage, and steak, the KNN method & = 3 has the highest precision value among the KNN
methods. Other KNN methods with the highest precision values were obtained at &k = 7
when identifying saut’eed water spinach, red rice, rendang, and tempeh.

According to Fig. [4] the CNN method also produces the highest recall value of all types
of food, with an average recall value of more than 86 %. While the KNN method produces
the highest recall value, which varies depending on the type of food. In the identification
system of green bean porridge, rice, sausage, and steak, the KNN algorithms with £ = 3
produces the highest recall value. The KNN(7) method produced the highest recall value
for the saut’eed water spinach, red rice, rendang, sausage, and tempeh types.

According to Fig.|5| the CNN method continues to provide the highest metric value. ?he
Fl-score of the CNN method is higher than that of the KNN method, with an average of
more than 86 %. When comparing KNN algorithms, the highest F1-score produced will vary

Precision

Green | Saut’eed | Red rice |Rice Nuggets | Rendang| Sausage | Steak Tempeh
bean water

porridge | spinache
—— k =30.71 0.73 0.56 0.89 0.78 0.65 0.68 0.72 0.75

ok =5]0.64 0.73 0.61 0.588 0.7 0.67 0.65 0.64 0.75
ke =T|0.65 0.75 0.66 0.588 0.73 0.73 0.67 0.6 0.78
CNN|0.93 0.93 0.93 0.9 0.85 0.81 0.85 0.88 0.81

Fig. 3. The precision value of food identification using the KNN and CNN methods

=
g
Green | Saut’eed | Red rice |Rice Nuggets | Rendang| Sausage |Steak Tempeh
bean water
porridge | spinache
—_—k =310.7 0.72 0.56 0.87 0.78 0.65 0.68 0.7 0.75
o e =5{0.62 0.72 0.61 0.85 0.7 0.68 0.65 0.62 0.75
k=T]0.65 0.75 0.65 0.85 0.73 0.72 0.68 0.6 0.78
CNN|0.93 0.93 0.93 0.9 0.85 0.78 0.82 0.88 0.8

Fig. 4. The recall value of food identification using the KNN and CNN methods
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Green | Saut’eed | Red rice | Rice Nuggets | Rendang| Sausage | Steak Tempeh
bean water
porridge | spinache
—— k=307 0.73 0.55 0.88 0.77 0.65 0.67 0.69 0.75
—a— k. =15|0.62 0.72 0.6 0.585 0.7 0.67 0.65 0.61 0.75
k=T]0.64 0.75 0.65 0.85 0.72 0.73 0.67 0.59 0.77
CNN | 0.92 0.92 0.92 0.9 0.85 0.77 .52 0.87 0.8

Fig. 5. The Fl-score value of food identification using the KNN and CNN methods

depending on the type of food. When identifying green bean porridge, rice, nuggets, sausage,
and steak, the highest Fl-score, & = 3 was obtained. While the KNN algorithms with £ =7
produced the best Fl-score for identifying saut’eed water spinach, red rice, rendang, sausage,
and tempeh types.

Discussion. The CNN approach provides a better results than the KNN algorithms,
based on the results of food classification stated in the results section. The CNN method
has a higher Fl-score than the KNN algorithms, as evidenced by accuracy, precision, and
recall metrics. This suggests that the CNN approach outperforms the KNN algorithms in
detecting nine different types of food. This is in line with the research results of , which
state that KNN and CNN appears competitive with their respective algorithms.

The CNN technique is a high-complexity artificial neural network method with many
layers capable of modelling a considerably greater function. As a result, the CNN approach
can create data with great accuracy. CNN, howgsger, necessitates a vast amount of data
and a significant amount of time to train. CNN's are made up of numerous layers, such as
convolution layers, pooling layers, and fully connected layers, and gge designed to learn the
spatial hierarchies of features automatically and adaptively . E} reduce the number of
parameters and complexity, CNN uses geographical information that other algorithms do
not have. As a result of these factors, CNN gives better estimates of model quality metrics
than KNN.

The KNN approach with £ = 3 can produce better model metric values such as accuracy,
precision, recall, and F1l-score for numerous types of food such as green bean porridge, rice,
nuggets, sausage, and steak, as shown in the findings. Meanwhile, the KNN(7) approaches
may correctly identify food, such as saut’eed water spinach, red rice, sausage, and tempeh.
When viewed from the original image, the sorts of food that can be detected well by the
KNN(3) are photos of food with a lighter brightness/color level. Meanwhile, an image of
food with a darker color can be identified using [Al] the KNN(7) algorithms.

KNN is one method that accomplishes categorization based on training or learning data
viewed from the object’s closest distance using the & value . Tlemvalue of k& has a
significant impact on the level of classification accuracy when employing the KNN algorithm.
The value of k represents the number of neighbours omi.ta. nearest to an object. The data
determine the best k value in KNN. In general, a high value of k reduces the impact of noise
on classification but blurs the distinctions between classifications. The classification findings
of one object will most likely be influenced by the number of various neighbours .
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Based on research ﬂﬁ] the number of k should be ideally an odd number, such as k =1,
2, 3, and so on. A simulation of the KNN method was carried out in this study using a value
of k=3, 5, 7. Furthermore, according to , the value of k is determined empirically (trial
and error), and the value of k that yields the lowest error rate can be chosen, considering the
amount of data available and the size of the dimensions created by the data. The smaller
the number of k picked, the more data there is.

Conclusion

The best food identification model is b with the CNN method based on the simulation
results. The CNN performs better than the KNN algorithm. The CNN method outperforms
the KNN algorithm on the accuracy metric by 13 % on average. Similarly, regarding precision
metrics, CNN outperforms KNN by 15.7 % on average. While the average F1-score and recall
increase, the CNN outperforms the KNN algorithm by 12.89 and 13.22 %, respectively.

Recommendation

Although the identification model generated by the CNN method is quite good, there are
still system errors when processing the food images, especially if the food is nearly the same
color. As a result, in addition to color features, other features such as shape, and texture.
must be added so that the identification system can produce better model goodness metric
values.
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CpaBuenue npuMeHeHUs CBEPTOYHON HelipouHoil cern u anropurma k-Giamkaimux
cocedell JiH pacnosnasanus usobpazkenuii HIPOAYKTOB HUTAHUA
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Annoranus

Eja urpaer musHenio bazkuyio pojb B HOBCEAHEBHOH KU3HH, U OCBEJA0MJICHHOCTL HACE/ICHH
0 KAUeCrBe NPOAYKTOB IIUTAHU H0BLICHIACKL. [ L0CTYIIHOCTL MHOIMX BUJIOB HPOAYKTOB [IHTAHUA 3a-
TPYIHAET BRIDOD HPABHIABHOTO THIIA 30POBOH nuinm Ui norpedienus. AnropurMel cseproaHoil
nefiponnoit cern (CNN) 1 A-6ummaitinnx cocenefl (KNN) M0HO MCHO/B30BATE A5 CO3MAHNA MO e
aefl kiaceudukanuu u uaenTuduKanng, BKIYas uienTucbukaiunio numessix npoiaykros. Hosromy

HAM HYMHA CHCTEMA, KOTOPAd MOMKET DbICTPO OUPEJe/IUTh THIL UL U PACCUMTATL KANOPUHHOCTD,
COAEPKALLVIOCH B LULE, KOoTopas Gyier norpebisrees ais nogiepKadns 340posoro nuradus. Co-
AT HAMJIY YY) MOJAS]b WAeHTH(DUKAIMY HA OCHORE N0KAZaTenell KauecTsa MOJAE/IH LI TOYHO-
crTu, upeickazadus, or3biea M ouedku F1, koropeie Byiy 1T MCHOMB30BATLCS s WAEHTHDUKALLI
HUILEBBIX LPOJAYKTOB ¢ ucnoib3osaduem anropursos CNN u KNN. Dror meron uceaenosanus
H3B/IEKART BXO/AHBIE AaHHBbE H200paskeHud eabl ¢ ucnoiabzosanuen mojenn HSV (rown, naceunen-
HOCTL M 3HAMEHHe Bera). 3areM U3BIeYEHHbIe JAHHbIE KAACCU(UUMPYIOTCH € UCI0IL30BAHUEM Al
ropurmos CNN u KNN. Mojgenuposanue B 910M HCCJASI0BAHUN BhINOJHAETCH C UCHOJIL30BAHHEM
900 uzobpamenuil npoaykros nuranus. lanHele pazjenedbl HA JBE KATEIOPUH, A UMEHHO 0Dyuai-
was u recrosas sutbopku, B uponopuuu 75 u 25 % cooreercrsenno. Anropurs KNN recruposasics
¢k =3,5uT s upouecce Mogenuposanus u cpapnusaics ¢ CNN. Ha ocHoBanuu npoeejeHHbix
IKCHePUMEHTOR ObU10 yeranosiedo, 4ro Merod CNN nyue, venm amropury KNN. Ecre asa kinacca
TUIOB HPOIVKTOB [MTAHWS, NPOTHOZ 10 KOTOPbIM HEBepeH, B 10 speMs kak veron CNN upencka-
3bIBAET TO/bKO OJHH KJIACC LPOAVKTOB IHMTAHUA KAK Heupasuibablil. Ha aro ykaseisaer rounocrs
meroga CNN, koropas na 5 % ayuwe, vem meroq KNN(3). Tounocrs merona CNN cocrasiaser
94 %, a rounocrs meroga KNN(3) — 89%. Buauenue Fl-ouenkn ana meroga CNN pasuo (.94,
a s MeTona KNN(B) (0.89. CNN nozgoisier MO JAaBATE CPeAHIOn TouHocTe 87.7 %, 1ou-
Hocrs 86.89 %, nonuory (recall) 86.89 % wn F1 86.33 %. llo pesyabraram HCCieg0BaHust MOMAEILb,
chopuuposannas ¢ ucnonbzosanues CNN| asisiercs nyuieifl MOAEIBIO HACHTURUKALMN HHILEBBIX
LPO/LY KIOB.

Kawueanie caosa: pacnoznasanue u306pazkenuil b1, ceeprovHas HellpoHHas cerb, k-Biinkaii-
wux cocenedt, mogens HSV.

Humuposarue: Apaura, Huw M., Mapnayur ©., Xupasr M., Buawanro A, Cpasnenue
UPUMEHEH U CBEPTOUHO HEHPOHHOH cern u amropurva k-buumaiiiuux cocegell 1is paciuo3HaBanns
n3obpamenuil  npoaykros  nuranus.  Berancawrensusie  vexuonorun. 2022, 27(6):88 99
DOIL:10.25743/1CT.2022.27.6.008. (na asraufickom)
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