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Abstract

The durian seed borer moth (Mudaria spp.) is a major insect pest causing significant damage to Thai
durian exports. Timely and accurate surveillance is essential for effective integrated pest management. This
study developed an image-based detection model using the YOLOv4-tiny deep learning architecture and
evaluated its potential for smart surveillance systems across different data sources. The model was trained on
6,437 augmented images and evaluated using a test dataset of 332 images, categorized into three cases: (1)
field-collected reference images, (2) images from the iNaturalist database, and (3) a combined dataset. A
confidence threshold of over 85% was applied, with performance measured via Accuracy, Precision, Recall, and
Fl-score. The results demonstrated that YOLOv4-tiny effectively detected adult Mudaria spp. moths. Due to
the absence of false detections (False Positive = 0), the model achieved a Precision of 1.000 across all cases.
The reference dataset yielded an Accuracy and Recall of 0.920, while the iNaturalist dataset achieved perfect
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performance (1.000) across all metrics. The combined dataset reached an Accuracy of 0.958 and an F1-score of
0.979. In conclusion, the YOLOv4-tiny model exhibits high potential as a surveillance tool and can be integrated
with digital platforms to support early warning systems and proactive pest management in commercial durian
orchards.
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Figure 1 Overview of the research methodology, a: sample preparation and image sources, including museum
reference specimens and images from iNaturalist, b: image acquisition from reference samples using the Lumina
application under a fixed lighting control setup, c: dataset preparation and data augmentation procedures,
illustrating different augmentation operations (AO) and d: model development and training using the YOLOv4-
Tiny architecture on the CiRA CORE platform (version 1.9.4), including data augmentation settings with image
rotation at 90° intervals, as well as noise and blur generation, and transfer learning from pre-trained weights.
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Figure 2 Examples of Mudaria detection results using the YOLOv4-Tiny model, a: reference specimen of Mudaria
stahlgrestschae obtained from a museum collection, correctly detected with a confidence score of 98% and b:
field image of Mudaria spp. sourced from the iNaturalist database, detected with a confidence score of 99%

Table 1 Performance metrics of the model evaluated on three image datasets

Dataset TP FP FN TN Accuracy Precision Recall F1-Score
Reference images (175 images) 161 0 14 0 0.920 1.000 0.920 0.958
iNaturalist images (157 images) 157 0 0 0 1.000 1.000 1.000 1.000
Combined dataset (332 images) 318 0 14 0 0.958 1.000 0.958 0.979

TP (True Positive): Images that contain the target insect and were correctly detected by the model, FP (False Positive): Images
that do not contain the target insect but were incorrectly predicted as positive by the model, FN (False Negative): Images that
contain the target insect but were not detected by the model and TN (True Negative): Images that do not contain the target

insect and were correctly predicted as negative by the model.

ﬂ']S’JLﬂi’]wWUiuﬁ‘Vlﬁﬂ’]WLﬂiElUL‘Vl‘c’l‘ULLa mﬂﬂ'mua'mqsnwamu'am p

Lll’e]Wf\]’]im’]Uiu’ﬁVlﬁﬂWWSUENLL‘U‘URH@’EN YOLOvA-Tiny ‘1/]WGMU’]GUHLUiEJULV]EJUﬂUQ’W’Jf\]EW]LﬂEJ’JSU’e]\‘iLLﬁu
andnonssulasenedy (Table 2) wuiwuusaeslunsaneildanauwsiug (Accuracy) Ni3ovag 95.8 EAGE|
GLUi”@UVlﬁ\‘lﬂ’N\‘I’]‘U’J%EJ‘UEJ\‘I Teixeira et al. (2023) Lag Wang et al. (2020) mwﬂuuuamwm%umau uanaInil
Lll’e]L‘UﬁEJ‘UL‘VIEJ‘UI‘LJLNGUENVW‘WU’]ﬂﬁ%Iﬂuﬂ’]iUiuﬂJ’JaNa WU YOLOVA- -Tiny AANUlAAAUATUUTEENT AN
AU (computahonatfea5|b|l|ty)Iﬂﬁl’mmﬁawmﬁ’mLi’ﬂumw\lmﬂimaﬂW (inference speed)‘U‘N‘Wu’JﬁJ
Uszuawanang (CPU) 1@@8’1\‘]33%5’3 (0.5-1.0 ’J‘LJ’W]) LiJE)L‘I/]EJUﬂULLUUf\ﬂaENSU‘Lﬂ@IVﬂJE]EJN YOLOv4 (Full) s
ELsU‘Vli‘WEJ’]ﬂiﬁﬂﬂ’J’] 3-5 1Y NﬁaWﬁu&JuEJU'ﬂaﬂ’]ﬂﬁEJﬂiiNVlLﬁ@ﬂi%llﬂ?l’]llﬁﬂﬂa (trade-off) FEWINAMULN UL
LLﬁ”ﬂ’J’]ﬂJﬂaENG]']IUﬂ’]ﬂsﬁﬂﬂufﬂiﬂﬂ’]ﬂﬁU’miﬂGWI?I@

Table 2 Comparative analysis of model performance and computational requirements against related studies
and alternative architecture

Research Study / Model Target Group Accuracy F1-Score Inference HarFIware
(%) Speed (CPU) Requirement
This Study (YOLOv4-Tiny) Mudaria spp.  95.8 0.979 0.5-1.0 sec  Low (CPU Friendly)
Teixeira et al. (2023) / YOLOv4 General Pests 925 0.910 >2.5 sec High (Requires GPU)
Wang et al. (2020) / SSD MobileNet Field Insects ~ 89.4 0.880 <0.5 sec Very Low
Yang et al. (2023) / Maize-YOLO Maize Pests 94.1 0.935 0.8-1.2 sec Moderate

Inference speed for the proposed model was evaluated on an Intel® Core™ i5 processor with 16 GB RAM without GPU acceleration.

Performance data for other studies are based on reported benchmarks in their respective agricultural monitoring contexts.
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Table 3 aamaimvnw Recall #ALVINAU 1.000 E]El?\i‘liﬂ@ﬂll Iuﬂamwawumiﬂamm LLUUQW@@QGWNW?OU{]LaﬁﬂWWW
VL@JSLGULﬂ’]WlI’]EJIGmﬂGl@ﬂ 1AM (TN = 1) LLG]iJﬂ’]if\]’]LLuﬂNﬂWﬁ’l@’J’]LUULLNa\‘iLﬂ’MNWS 10 (FP=1) ﬁﬂNEﬂMﬂ’]
Precision ’PJEJ‘Vl 0.667 a¥A1 Fl-score @EJ‘VI 0.800 MINEIAU A1 Recall VlaﬂLLa viagdosnmlunisse ‘UG]’]LLWLN
AOAARDINUNANITANYIVBY Yang et al. 2023) Tunsiaun Maize-YOLO mummwmammma YOLO Mﬂ')"lll
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Fuunluseauyiln (species-level identification) Usuifuilaenndosiudedunmues Fjaz et al. (2025) wa¥ Feng
et al. (2025) ‘1/1“U’JWa'J@Ia'?EJ‘UﬂLLa”Iﬂix‘iﬁi’Niﬂﬂﬂ’]EJ‘V]sLﬂaLﬂEJ\TﬂUIHﬂE‘I@JLLiJaQGUU’]ﬂLﬁﬂuﬂﬂ@I‘WLﬂﬂﬂ’J"IQJﬁ‘Uﬂuﬁlﬁ
WUU1a09lA918 N1aNAIYBIAT Precision WAy Fl-score LM@LN“UﬂJﬂUﬂJ@MaWIMLﬂEJL‘Vi'L!lIWﬂ’E]'Ll (Unseen Data)
aamﬂaammmmaq Grandini et al. (2020) L.a¥ Powers (2011) ‘VI’iu‘UTW]’J‘U’mLWa’]u@Jﬁ’J’]ﬁﬂ'ﬂﬁ]@ﬂ'ﬂ’mmﬂWﬁ’]ﬂLL‘U‘U
false positive sL‘LHJWUE]iJﬁV]ﬂJﬂ'J’]QJEJ’mﬁ\‘i LW@LLﬁlﬁJ%@QWﬂ@WQﬂE‘H’J mmuJumaaamanmwmauamwnau non-
target Iulﬂﬁaﬂr}\lu bW aaﬂivmUmmmmmhmsmLLuﬂiwa YLD YALTIAN (fine- grained cLa55|f|cat|on) [ZMPY
WWINA Wu et al. (2019) Iiawsliluyadeyauinsgiu IP102
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Figure 3 Examples of images used for independent validation, a: M. stahlgretschae (Actual Positive - Corrected
detected), b: M. minor (Actual Positive - Corrected detected), c: Thyatira batis (Actual Negative - Incorrectly

predicted as Mudaria due to similar wing patterns characterized by light-colored circular spots on a dark
brownish background, which mimics the key morphological features of the target species), and d: Horithyatira
decorata (Actual Negative - Corrected rejected)
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Table 3 Confusion matrix of the YOLOvA4-Tiny model evaluated using an independent validation dataset

Ground truth Predicted Positive Predicted Negative
Actual Positive TP=2 FN =0
Actual Negative FP =1 TN=1

TP (true positive): Images that contain the target insect and were correctly detected by the model, FP (false positive): Images
that do not contain the target insect but were incorrectly predicted as positive by the model, FN (false negative): Images that
contain the target insect but were not detected by the model and TN (true negative): Images that do not contain the target

insect and were correctly predicted as negative by the model.
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