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Abstract

The research problem originated from the limitations of traditional cashew nut size classification methods, which result
in high labor costs and inconsistent product quality, affecting the competitiveness of Thailand’s cashew nut industry
in the global market. The research objective was to develop a high-precision cashew nut size classification system by
integrating deep learning and machine learning techniques. The proposed methodology involves a hybrid cashew nut
size classification system. First, a deep learning technique utilizing YOLOv5 was applied to detect cashew nuts from
images, with experiments conducted to determine the optimal and most efficient parameters. Subsequently, machine
learning using a Support Vector Machine (SVM) was employed for size classification based on dominant morphological
features, including width, length, and area. The SVM model was evaluated using four kernel types: linear, radial basis
function (RBF), polynomial, and sigmoid. The results indicated that the detection model performed optimally when
using 400 epochs and a batch size of 64, achieving a precision of 0.9817 and a recall of 0.9706. Furthermore, the

size classification model achieved perfect performance, yielding precision and recall values of 1.0 across all tested
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kernels. However, the overall system performance still had minor limitations due to occasional errors in the detection

step. In conclusion, this system can improve the accuracy of cashew nut size classification and enhance the

competitiveness of Thailand’s cashew nut industry in the global market by reducing labor costs and improving product

quality consistency. Future developments should focus on refining the detection process to further enhance the overall

system efficiency.
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Size Width (mm) Height (mm)
W180 20 34
W240 17 27
W320 15 23
W450 13 22
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Figure 3 Cashew nut size classification using hybrid learning techniques
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1. HANIINAADINLAAATIVIULNANZNIIRNNIWBE
MIMARIFATUINLARATIITULRANTN I RUNIUG
Walilausnaiiludanzaaizuniug loald Dataset 1
wazdiUSunimesansumsseluies 1eun Epochs(E)
fﬂn’]u’luluﬂﬂiﬂﬂ (100,200,300,400,500) waz Batch size
U dl 1 =1 =
(B) mmwua\‘lﬂgmagawgﬂlﬂﬂmma:iaumidﬂam‘u R
64 HANIINARBILFAIAI Table 3
PMNHANINARDILFAIIALAUINNNTIAN Epochs
270 100 1% 500 A"uld Batch size 64 TAULAN
Uszansnnaailuiaa laaar mAPS50 LiNa1N 0.9842 1111
0.9875 Uazfin MAP50-95 §9§A#l epoch 300 FAUAAAY
- . X » daX 9
LANaY aNaNT Precision ka: Recall NATWSING L F1
Score [NX37N 0.9662 Lil14 0.9950 WEAIALAKUTZRNTA N
TAITATI9T UL T AN AT RN NIUA LA D LI LN HELRS
AIDUAJY IR TINNIAUUTZRNTAIN ANNLRYS
, - o 4
284 overfitting LaztIanlunIHN Iumaﬂmmmmqﬂﬂa
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I&lma‘ﬁﬂﬂﬁ’m Epoch t¥infiU 400 \wyzi@n Precision,
Recall, MAP50, mAP50-95 waz F1 Score afjluszdugs
snegsmnawe laglawnz F1 Score figsfls 0.9761 49
Ltamﬁdﬂ’nuﬁuqaﬁai‘m’j’m Precision LL8¢ Recall Yt
Lﬁmﬁ'uﬁﬁamuqumwmémmﬂ overfitting lo@ninluiaa
# Epoch iy 500 lasusasnadnivasluiaansiady
LANZARNNIUGAS Figure 4 WA Figure 5
FainluinansaiuidanzasRunudann Batch
Size 64 waz Epochs 400 azgnin llElunsasiaivida
vzisRunndLielwldnsouve s fauzainsAunind
wazsin s wiudamaiianzansfumudluduaas
dald S'Juﬁaﬁ@umLv"w"aﬂwﬂszﬂqnﬁﬁlﬂﬁmﬂmzuué’miuﬁa
fATUNMILENIINALRANZA W AN UG B UIAa

Table 3 Comparative performance results of cashew nut
detection models based on epochs and batch
size Annotation:Epochs(E), Batch size (B),

Precision(P), Recall(R)

E B P R mAP mAP F1 Score
50 50-95
100 64 0.9657 0.9667  0.9842 0.8595 0.9662
200 64 0.9798 0.9529  0.9858 0.8626 0.9662
300 64 0.9686 0.9671 0.9874 0.8694 0.9678
400 64 0.9817 0.9706  0.9875 0.8673 0.9761
500 64 0.9998 0.9902  0.9950 0.8634 0.9950

Figure 4 Experimental results of the cashew nut

detection model with Batch Size 64 and 400 Epochs

ic 0.8070)

Figure 5 Example detection results of overlapping cashew nuts

Cashew nut size classification using hybrid learning techniques

2. HANINAADILNLARAADWIALITANTAIANNIKE
lunszuiunsdausnawalaus i RN UG
¢o SVM lapld Dataset 2 §9Usznoudas 4 wwia
a9 uNzdRINING laginanundig AN ues
Aufvasnsauiinasudonseuidauzasfuniudidu
anwadATY (Feature) Mniusialuiaanauanuwailo
vzisRuwudlald sSVM dsldnasasiuinofiug
(Kernel) 3 3Uuuuvad SVM l@un Linear, RBF uaz
Polynomial lasudaz Kernel lanaaas Hyperparameter
Tuning WUU Grid Search Lﬁalﬂﬁwmﬁmas‘ﬁﬁﬁq@
FnTULAa: Kerel &9 Grid search a8tMuNzauALNNT
ﬂ@maaﬁﬁwwsﬂﬁmas‘ﬁaml,a:ﬁmmﬂﬁ”lﬁmmLL&iuﬂwga
Taglun1snasaslddnsusumisinefaldluudas
Kernel 'leiiri C AafAUAUIWIATEY Margin 13znaueg
@1 [0.1, 1, 10, 100, 200], gamma ABAILANNTWAVES
degnadiayn Bsfidn [1, 0.1, 0.01, 0.001] usz class_
weight wzU3uedalulidliiminsiuaiundayaluudas
aaa Gaazrnasslagld 10-fold Cross-Validation tiamn
IuLmaﬁaﬁq@ B INAMINARBILTAIGI Table 4

Table 4 Performance of Cashew Nut Sizing Models

Kernel Precision Recall F1-Score
Linear 0.99 1.00 1.00
RBF 0.99 0.99 0.99
Polynomial 1.00 0.98 0.99

HAAWTANINANIIIUEAIIALARIN luiaa SVM
A% Kemel 619 9 'leuA Linear, RBF Wag Polynomial
@1 Precision, Recall, F1-Score Wag Accuracy L¥innu
1.00 YIWua waasliiiuiluaamansnauundayale
Inatfiss 100% %o%lﬁﬁwjmﬂﬁagamawmﬂLﬁ@m:ma
Funudanadlassaefiugniuagnitaian vl svm
mmma%ﬁaLﬁuuﬂaﬁmmmﬂﬁqn Kernel g3
UsenBmwuananii nsfien F1-Score Tnatds 1.00
seriowihluaalfifymeanulisugavasdaya (Imbalanced
Data) UazaNaNINGIN AN IUEGTyaaNaN l6a Uazuaas
feanuauTnvesluiaalunsfauanrwIaLiaaziag
Aunudldatnududuazaseungulunnamwa lasusas
§1081INANNITNARBIGI Figure 6 TanaaasuULTWany
mumua:ﬁﬁ’mq’é‘uﬂ
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Figure 7 Scatter plot showing the relationship between

width and heigth of cashew nuts of each size
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Figure 8 Box plot showing the area range of cashew

nuts by size
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Figure 9 Graph showing width, length,

and area of cashew nuts of each size
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