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Abstract

This study developed a deep learning-based software module for classifying the ripeness of bananas in real time as they move
along a conveyor belt. A total of 5,286 images annotated with three ripeness stages, namely unripe, ripe, and overripe, were divided
into training, validation, and test datasets at a ratio of 88:8:4. The datasets were used to train YOLOv5s and YOLOV5I object detection
models over 50 epochs. The model performance was evaluated using box loss, object loss, class loss, and mean average precision
(mAP). Both models exhibited decreasing loss values approaching zero and achieved mAP, precision, and recall scores exceeding
90%, thus indicating a robust classification performance without overfitting. The software module integrated with the trained
YOLOV5I model accurately identified the ripeness stage of bananas in motion on the conveyor system without misclassification.
Collectively, these findings indicate that the proposed system can be effectively applied to banana-processing lines for automated
and accurate ripeness-based sorting.
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et al. (2016)0] 7I&et A4 A& RE=A w231 FS6hA AATE
o2 7AlE HAshe 54L 7HAIT ek Yang et al, 2024). SR}
o] omAE oY Aoz Fslal, w&F omxjof] EAoR
convolutional neural network (CNN) &2 #-25}0] o[u|R]|E E.A4]
SH= R-CNN ®4]7} &) YOLOvSE 3§ H9] ZA] oju]z] E4&
B3 AAI7ko g A HZ0] 7Fs351H(Chen et al., 2023, Khanam
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(Fig. 1) (Khanam & Hussain, 2024). ©]2]§F 722 7} YOLOVS=
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X, %6, 6, 16, X9 AT}, o] so] x602 FE4S vl
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slo] 23] % HSEE AL, kol F7Kl0] T 9
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Fig. 1. YOLOV5 deep learning model structure (CBL, convolution with
batch normalization and Leaky Relu; CSP, cross stage partial network;
SPP, spatial pyramid pooling; concat, concatenate function; Conv,
convolutional layer).
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Q2 o]u] 22} 3 training seto]] F=715IITHFig. 3). Z7+E tlo]
Bl JEQ] o]u]z] Z7]i= YOLOVS A U= ofu]A] 27131 640
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test set9] H]S-L 88:8:4% EII5IIT)

(A) Unripe (B) Ripe

(C) Overripe

Fig. 2. Dataset labels used for banana ripeness determination.
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Fig. 3. Data augmentation techniques applied to banana images.
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k. o]Qofl &4 SR A ARKbox), ZHA(object), 12|11 2
2 (class) £ FAO AXFSR= multi-task lossE ARS-5HI (L
ot . 2024), FH5 TR AR S5} uhE A 24} 5P
(stochastic gradient descent)S A& O H(Isa et al., 2022), E4J3}
s 7127] 24 BAS HSHE Loaky ReLUS AH8315I0H
(Raj & Prabadevi, 2025). S1<5E(learning ratey> YOLOv52] 7]& Zf
1 0.01& ARESSIH:. & AFllAE YOLOVSS] 712 stoluufet
e 7o) PFAQl S5 XA717] izl stolsiuitng
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[[] rruevatue (B¢r)
I:l Predicted value(Byregici)

_ area(Bpredict n BGT)

B area(Bp'redict U BGT)

|:| Intersection

& Union

Fig. 4. Intersection over Union (loU) calculation for evaluating the perfor-
mance of the YOLOvS model.
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A3}, YOLOv5sQ] mAP@0.5%= 0.9610]1, mAP@0.5:0.95%= 0.886
2 2749 9bd, YOLOVSI9] 1 52 247} 0.967, 0.926 A =0}
YOLOVSIO] B1& ¥ & 452 7Hile= & & Ak o=l
EQA Zol9} o 471 A o ® &2 YOLOvsIZEo] v}
L oJufRIE B FEsH Shsdhs dl fElolae A oE ey
It Wang et al., 2022).

E3F, YOLOv5s®F YOLOVSIS] A= ZH2F 0.9249} 0.944=
A YOLOvSIo] ] &9toy, AdS&-2 ZH2) 0.9333) 0.9242 A4
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false positive 235 7F 4= Q7] TiEo|THCasas et al., 2024). 2
Aol YOLOVSsE ARSSIGS ) AAl= EAfSHAIRE EAI6HA]
F3t v daste] AR v SoflA Tdo] x|t A4
HRLE] Bl & (A @E)2 oM o= 1oy Hdo] FX[RE Hivt
Wk AAZ v SE(EEE)0] AtiFog ol Zow
= ok

Training set2 AMES1O] Sk53t o] &4 ghe SRISH 2,
YOLOv5s9] box loss, object loss, 12|17 class loss+= 212+ 0.012,
0.009, Z18]21 0.007°]%12, YOLOVSIS] 1 FHE-2 0.009, 0.004, 1
2|31 0.0022 YOLOvSsET Zltt. e &4 ZHEL 00 71719
t}. Validation setS AR25}o] AZSF YOLOvSse] &4 7k8 77}
0.009, 0.007, 12|31 0.005%1, YOLOvSI] 1 ZHE2 0.004,
0.002, 183 0.0012 Z7=°] YOLOvSsEt 09 7MHd3= &
4 Ui & 2IE 53], YOLOvss E YOLOvSIo] ARS-E|QlS
| training set¥} validation set®] &4 ghso] H& 00f 77k
gro= & Hdo] E QPgH o g kS PSS & 4 A

SIth(He et al., 2023; Song et al., 2021).
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unripeE- 1% 4ESH| RS oM, A B4 Al BRI
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Fig. 5. Changes in the evaluation metrics of YOLOv5s (A) and YOLOv5I (B) models for the training and validation datasets with respect to different training

epochs.

Table 1. Preprocessing, inference, and NMS times required for predicting banana ripeness moving on a conveyor belt using trained YOLOvGs and YOLOv5I

models
YOLOv5 models Pre-process (ms) Inference (ms) NMS (ms) Total (ms)
YOLOvbs 0.8 1.7 24 14.9
YOLOV5I 0.6 27.6 1.8 30.0
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(V)

Fig. 6. Determination of banana ripeness moving on a conveyor belt using
trained YOLOv5s (A) and YOLOVSI (B).
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