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the classification process in a real coconut jelly processing
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Abstract

This study aims to develop a deep learning-based model
to classify the quality levels of coconut jelly using the
Convolutional Neural Network (CNN) algorithm and to compare
the performance of CNN-based models in the classification of

coconut jelly. The model was specifically developed to support
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to the overall evolution of industry standards.

Learning, Convolutional Neural Network (CNN)

conditions, using image data taken directly from the production
line. A total of 615 images of coconut jelly were collected and
categorized into grades A (408 images) and D (207 images) for
training purposes. A further 40 images of each grade were used
for testing. The model was trained using k-fold cross-validation
to ensure that the training data was randomly selected from
both classes, allowing the model to learn effectively. The
training process involved 200 epochs. After the model was fully
trained, 80 images were used to evaluate its classification
accuracy. The model development and training were performed
using TensorFlow and Keras, two widely used libraries for deep
learning. Cross-validation techniques were used to increase the

The results show that the success rate of grades A and D
coconut jelly image classification using the sigmoid activation
function is 100%. These results indicate that the CNN-based
deep learning model has high effectiveness in classifying
coconut jelly quality grades. The results of this study can serve
as a prototype for the development of automated quality
assessment systems that could enhance consumer confidence
and improve product marketability. Furthermore, this study
emphasizes the potential of Industry 4.0 technologies -
especially for companies with limited financial and human
resources. The proposed solution can be adapted to other
production environments with similar production characteristics,

such as processed fruit or jelly-based products, thus contributing
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audusalun1suun fie 100% UUUTIABINTTNUNAMAINNTA
Tuneninlaglditnisseuiidedn dredanaiiiu CNN an
Tuunaunminsaiuuzniilaegradivsednsain Ineldileidu
Sigmoid AIM15197 5.1

A ™~ = U san o v % o = Ya = v oo o
199N 5.1 LU?EJ'ULWBUNﬁﬁWﬁ’Jﬁﬂ’]T\]’]LLUﬂLﬂiﬂ?umx‘Wﬁ’]’ﬂﬂUI%ﬂWiLiEJiJEL"UQaﬂ AILRaNdINN CNN

Confusion Matrix Activate Function
Relu tanh Swish Softmax linear elu Sigmoid
TRUE Positive 40 40 40 40 40 40 40
False Negative 35 36 35 35 36 35 0
TRUE Negative 5 4 5 40
FALSE Positive 0 0 0 0
Accuracy 56.25 55.00 56.25 56.25 55.00 56.25 100.00
Precision 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Recall 53.33 52.63 53.33 53.33 52.63 53.33 100.00
F1 69.57 68.97 69.57 69.57 68.97 69.57 100.00

6. @5UuazafuTENan1TIVY

HANTSITE WU LUUTIR0INITTNUNANAIMNTATULENTT
lagldnsiseuiiBedniedanasfiu CNN anansaduunaunIniy
wzndldegsfiuseansam Tnsanzdleldileddy Siemoid 39
ansadunAuIniuneniingn A uazinsa D leg1agneies
100% Tuwaue i #lerf 9 Activation 8 9 19 ReLU, Tanh, Swish,
Softrax, Linear 4ag ELU TWA1A9 11U ug (Accuracy) #1030
Tagaglugas 55.00-56.25% lawmnuadiflerdy Siemoid Tnadns
fian nsunaindnuzvestgminisduungaainiuugninly

v

nATslianwaylndlAseny Binary Classification (1nsa A / tnsa D)
flari#u Sigmoid Faimanzaniign esmnannsauasinadnsves
lasseysvamiitsaduguuuanuiinzdu (0-1) fidresenis
fanuazmuuanusiandu (threshold) Tnagonnaoaiuauive
v9 [4] lauandliiiuinnsldieddu Sigmoid Tun1sduunids
A uazdasiiavasileaidududall 1) fefdu ReLU Hdadrin
#o e1auindaym Dying ReLU vilwunsiaseuldnovaues 8nik
Naﬁwéﬁa@luﬂhq [0, o0) lanusadanuduainiuutazidule
Tagnse Feor9limnzauiulgmmssuwunninig cwiselts] 39
sl er9vi e du ReLU Talmunefudu output uay 2)
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fHandu Tanh wilaglimuaanslugig [-1, 1] wazaigas1s@uunsiy
n9i3eus widsszaulam Vanishing Gradient led1endnilaridu
Sigmoid 8nwariduaulsiannsadinnuldlensduiBanruineg
D Femlilimnzsudgmnisswundssinniidesniswadwsly
Fapuiadu

Nan5Iseidenadesriu [1] 71l Deep Learning 1l onsiadu
snduuiuinlugnamnssumsnan uae [2] IBusufsszavsam
289 CNN Tun130 91930 uagduunsagudndayanimdaqgn
Ay uenaind [3] 9 waunszuuwendszianlyyniagld
nMsUszanananIn datsaesnuazoudsdnanimues CNN lunis
Suundeyaiilsiflassairaiems vwves [4] Tunisuungaunimn
uzshaugluretudlagidounuunisuesifuvesyudsg CNN 71
anulndiAsatunu [5] Anseduuaesndeteniden uay [6]
#il4 Deep Learning $uunaniwauuainatndislasy i
[7-8] 14 CNN Tun1381uunnn RGB uaziiuda druaziiouda
nsUsegnald CNN Auteyaninlunaneuiun Havmniatiuayuxa
91 Harfdu Sigmoid 1 uilsdduiinnmmuzanigadiniulily
MsduunAuATINTA LTS Losnaenndesiudnuuzam
\4 Binary Classification wazanunsalinaansluguuuuauiiag
Juiitierildine dedunuifaensdostunuliunuiseiidedes
[1-9] wazaunsa i udunuunisimun ssuus aludRdmsy
nsAauenauaninaAuniondndand idUszdnsanly
gAFINTILAY 9 winsideiluansltidfuiniladdu siemoid anwsa
mLLuﬂ"LmamaLmusnmam witielifianuuidede uazauiaiios
wnd s uiu msfiuanuvainuatsvestoya 1y mimum‘w
9NMAIETEUNITHAR NuldEan LAY U Lazan WA U
wane 19y sud i Yynianuldaunaveadiuiudegis
Tuusazaana wenaind aasld35 13 Crossvalidation 1y k-fold
cross- validation il 8As19A8UAINAT B510THLAR WAZTIBITY
Aad suazdul sauuNInIgIuTe AT Tandn (Accuracy,
Precision, Recall, F1-score) ARDATLALIT o uMN 3R (Confidence
Interval) Litofusulszansnmveslinnaldegeseudu tnganunsn
wamsivedususuurssuumslunsiasEUUSAluTRA MU
AauonganInyesnnd aansaUseyndldlunssuiunsuandi
dnuaigiindroiu eifiudszavsnm wazsnanasgniluniws s
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