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Abstract

Objective: Aiming at the low efficiency and strong subjectivity of traditional apple quality detection
methods, an intelligent apple quality detection algorithm based on deep learning was studied to
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achieve automatic and accurate identification of apple appearance defects, maturity and quality
grade. Method: A large-scale dataset of 15,000 high-resolution apple images was constructed, cov-
ering six major varieties such as Red Fuji, Gala, and Huang Yuanshuai. Based on the YOLOv8 network
architecture, a multi-scale feature fusion module (MSFM), convolutional block attention mechanism
(CBAM) and improved focal loss function were introduced to design a deep learning model for apple
quality detection. Transfer learning and data enhancement strategies were used to optimize the
model performance. Results: The improved algorithm achieved an accuracy of 96.8%, precision of
95.9%, recall of 96.2%, F1 score of 96.0%, mAP value of 93.7%, and processing speed of 45.1
frames/second in the apple quality detection task; compared with the baseline YOLOv8 algorithm,
each indicator was improved by 4.5%, 4.3%, 5.4%, 4.8%, 5.8% and 6.9 frames/second respectively;
in terms of defect detection, the detection accuracy of surface spots, damage, discoloration and
other defects exceeded 94%. Conclusion: The proposed improved deep learning algorithm can effi-
ciently and accurately realize the automatic detection of apple quality, and provide an effective
technical solution for the modern fruit processing industry.
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Table 1. Detailed composition of the dataset

1. BURSIFMAIIAL

3R HAHE  REERA%  RBREEBE%  REHE% FEBFEAR
agd 3,500 65.3 132 215 RIEMPE S HUBUG . B
i Aog 2,800 70.5 11.6 17.9 AR RYR. AIX IR
Hoh 2,200 62.8 12.8 24.4 By, MR, FA
HIFR 2,100 68.7 11.6 19.7 PR EA R . 18
i3 2,000 74.2 11.0 14.8 R BERY
Bt 2,400 64.5 13.3 222 BT, L. WY
&t 15,000 67.2 122 20.6

T BEEARAERA =H KA R, MARBI6 29 MRERWIR. Rl Ka)MEEERM12 ). AN 5 L AA
10 G2 UL R 200 0 2R it 20 PR ST AR, SR 2 82 SIS AIE B DR B — BUMEIE 31 96.3% .

1) % RERHER & ER(MSFM)

SRR RS E 2R R, M 0.5 em? FIBUNERE] 5 em? DLERSRTIASIME, #EGT 10 5 IR
VI o D3 5ot A A RS SR RIALIRE /7, BT FULE IR G55 I < 7B R 26 (FPN) il B ¥ ith 1 2 RUSEHE
fERDE R PR SN 2 RZ 5y SORMRHEAS HBR AR, SCIUA A R ZURE Fe 7 file, $2m/NE
PRORFERRFAERILRE /1. o, P3-P6 23 3%t AR REEAIHFAE IR, P6_new Jui 8 AR RUBERFAE 70 32,
G55 1 XN AR BVRENRE 770 FRAEHE 5 RE R 8 RO RHIE Rl 5 s, (RN R RRHIEH R & 2 24
iR B R .

MSFM_output = Concat([P3_enhanced, P4 _enhanced, P5_enhanced, P6_new])

P6_new = Conv(P5, kernel size=3, stride=2, padding=1)

P3_enhanced = P3 + Upsample(P4 _refined, scale=2)

P4 enhanced = P4 + P4 _refined + Downsample(P3, scale=0.5)

P5_enhanced = P5 + Downsample(P4_refined, scale=0.5)
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R P OB X . AR R LA R R AT, BRORIE 1 RF AR IE A et SCSEIL 1 22 Ao B
KR E Lo

F'= CBAM(F) = Spatial Attention(Channel Attention(F) ® F) ® Channel Attention(F) ® F
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0T 39 SR it AT U v I AR AT AN AT 1)L, SR ATINAYL Focal Loss B AR 4858 S 1 2K bR #L
Focal Loss I 1 21 25 1 B W EAE AR 5 73 FEAS (RCER, (AR S m S v afl: A2y SR IR BRI RE A, A R T 5t
i A tif B S 2R A ) R

Liotal = aLets + B-Lvox + P*Lobj + 0 Local
Ltocal = —a(1-p)’ log(pr)
Hrp, o NEHBE, p AR, y WERESEGEN 2), av By~ 6 40BN 1.06 7.5 1.0, 0.5,
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Figure 1. Loss function and accuracy variation curve during the training process
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J& Faster R-CNN [£] 5.2 f. ResNet-50 f] 3.6 f%. %45 SVM 1] 19.6 5, F870 KL T et kit s . 2
BEH, RN 13.7M S35, AHELELE YOLOVS #8107 2.5M (22.3%), 33X 1 & ()2 500 K Bt
TRZERNMERIRTE, BT RIFRIRE - K5 P47 . AL S30E % KK Faster R-CNN (41.8M)#1 ResNet-
50 (25.6M), SO BEEAE AR AR B/ 2 25011 R B S B 1 S8 v PR ARG DK %

Table 2. Performance comparison of different algorithms

2. TRIEAMREXTLL

B HHE/%  FHE/% AEEY% F1538/% mAP/% FPS SHE/M
4 SVM 73.2 71.8 68.5 70.1 - 2.3
ResNet-50 85.6 84.2 83.7 83.9 78.4 125 25.6
Faster R-CNN 88.9 87.3 86.8 87.0 82.1 8.7 418
JE45 YOLOvS 923 91.6 90.8 91.2 87.9 38.2 112
¥ YOLOvS 96.8 95.9 96.2 96.0 93.7 45.1 13.7

B 2 SR T8 BEITE 2O 7S AN AR AR AR BEAT P AR L A0 # o B 0 B b R T & BB TE AN [ 4R S
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Figure 2. Comparison of radar performance of different algorithms
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RN 95.2%, FEHIZ 94.6%, FIEIFR 95.0%, (B E TG 51k, 1 REAH KRR A B PR 3 2 3% o i
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Figure 3. Comparison of detection performance of various apple varieties
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Table 3. Detection performance of different defect types
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BRpERT HAEE HEFE /% FEHE/ % AEE/%  EHERFETER/cm?

RIEPER 1,245 94.6 93.8 942 08+03
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A X, 578 92.8 91.9 923 28+1.0
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Figure 4. Relationship between detection accuracy and defect area for different

defect types
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TR MR EE T RE M DTHRE(FE 4 18] 5). VHRRSEIRSE BRI, BRSO S & PE R A A DTk«
Z REFFE RS B (MSFM) DT Rk i o i3, SR INZ AR HE mAP M 87.9% 32T+ 4 90.7%, #ieTt
28 NEIF R 4), TR T 2 REERFERL G XN B AR SR EE R 1 B2 H o VR IHLHI(CBAM) B T#R IR
Zs N 90.7%31] 92.8%3E— B4 T 2.1 DNEH 4 A, AR T 1 s TP &5 R B m AE 1 E R 2,
Focal Loss [ ST HRAE X/ (+0.4%, M 92.8%%] 93.2%), (HIXHABEME HAEHA AR, #—L 0K
B, Focal Loss {EAFEREA BRIGRBUN AR B2, HEEE. B XIS ICABR A (1) A 1] 6P 3542 7+ T 3.2
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Table 4. Results of ablation experiment
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[ MSFM CBAM Focal Loss (#5358 mAP/% FPS
ELZ(YOLOVS) x x x x 87.9 382
+MSFM \ x x x 90.7 35.8
+MSFM+CBAM \ \ x 92.8 34.1
+MSFM+CBAM+FL x/ x/ V 932 34.1
SEEEAY \ \ V V 93.7 45.1

MR A EE 53T, MSFM Al CBAM 15| NS EUCBIE L B, FPS 437l F% % 35.8 Al 34.1, iX
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Figure 5. Performance contribution analysis of each component in the ablation
experiment
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45.1 FPS [PACBE S, Ref% i 2 S ARl F5 5K . £ hii GPU RTX 3080 F1 RTX 2070 |-, AbFEHE 4351
32.8 1 24.6 FPS, AT FBERAEAGE SCRFAESTIS N o (ES M2, FiEfEHR AR L Jetson AGX
Xavier {12, 8.3 FPS [ 4 #H 3 5 B AR T 15 J2 SR 25K, (R0 T s et = b ¥ 7 5 1 B A SE AN .
WAF 7T, GPU P S {RFELE 3.2~3.5GB &G EEE N, AR ST 2.1 GB, I T R NA7
W, R HTRY, mTERE GPU MIThFEE E1(280~320 W), {HIR AR B &ANTE 30 W, AR Ehu N A 42
LT AIRE. AR, HIAAE CPU V& LRI AL E A E, [XLEEIAS] 2.1 FPS, Xt LA A& SEBr N H 755K .
X — R BRI R AR G B — PR RS M), iR CPU P & TR

Table 5. Performance testing of different hardware platforms

= 5. TR et

BT a FPS W7 ki /GB TIFE/W mAP/% 3EIE/ms
RTX 4090 45.1 32 320 93.7 222
RTX 3080 32.8 32 280 93.6 30.5
RTX 2070 24.6 3.5 215 93.4 40.6
Jetson AGX Xavier 8.3 2.1 30 92.8 120.5
Intel i7-12700K (CPU) 2.1 4.8 125 93.5 476.2

4. ZRERE

AT YOLOVS ZEAHR H 1 —Flr et 10 3 S it Jo 8 RS I 5005 , i 5] N 22 ROBEARRAIE R 5 AR
TR SIHLRI AR R s, FEAS DUDKS 2 RO AL B FE 7 A T R e Tk SRIRAs R, SudEik
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FT18.1%, XF 6 A3 G PRSI HERG R I 95%, X 0.5~4.0 cm? 5 [l A /A 7] P S e P A 0 v A %6
TREFIE 92.8%~97.8%X [] o L HIEAE S ARFAIEE NV« AR/ INGR e U R v B8 B2 R AR A 5 5 TS A7 AE R
PBRME, AE 9IRS 5 B R R L T R E AR T e AR T N B BT SRS G
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