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Abstract

Supermarket fruit recognition mainly relies on manual processes, and computer vision has emerged
as a solution. However, challenges remain, including low accuracy for some fruits, difficulties in de-
ploying them on terminal devices, and handling misidentified images. Therefore, this paper
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researches mobile fruit recognition based on deep learning, aiming to replace manual identification.
First, the paper constructs the DailyFruit-49 dataset, which includes images of 49 types of fruits.
Addressing the challenges of recognizing fruits with high feature similarity, packaging obstructions,
and small shapes, as well as the deployment issues on low-compute devices, the backbone model
meeting deployment requirements was selected. A new attention module, RMA, was designed, and
the ViT Block was improved to enhance the model’s detail recognition and deep semantic feature
integration capabilities, resulting in the Dense RMA_ViT model. The loss function was also improved
based on Focal Loss. Ablation experiments on the public dataset Fruits-262 verified the effective-
ness of these improvements. Finally, a fruit recognition system was implemented on actual devices
to meet practical usage needs. The system collects misidentified fruit images based on user interac-
tions and automatically fine-tunes the model’s weights based on these images. Over time, as the
system collects more images, the model’s recognition accuracy and generalization ability improve,
effectively handling misidentified fruits in real-world applications.
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BT PSS KRR B 7208w AR =D . B R BRI, A5 TR B I S R A L
. B, BB, LRARFREIA—40[3]. FLUORFHEIRE, i sEEe B oy B ([4]
Gabor JEW[5]. FHs A R[6]. T kR E 7 E[7]. JAZRE N Sobel [8]1411 Canny [9]. N ARARKFAE
AR HR[10] A S E oy i [11] . IIE R mrds, WHITER KR ENL[12]. K HIE4B[13]. R F M (Decision
Tree) [14)RIBEHLARFR[15].

TR, FEFIREE 2 ST KRR 7 VRIS 7 B3 3 . Enciso 55 A JE T AlexNet #ZU7E 320 7K %k
PEEE b, KRR BERIE L2 20250 L B T 98.25%A1 93.73% I HERGHR[16]. Ttk k& AL T 1T AL
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F CNN sz /K 25325 2248, 18] EfficientNet A5 L 35 LRI F 45 (0 BE E3-AT I60E, 70 KUk R
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Figure 1. DenseNet-169 model architecture
[&] 1. DenseNet-169 #&HIZEH
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Figure 2. Residual Mixed Attention (RMA) module
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TERE BRG] DTSR B S 4 vz Ak, 3R THIR ARG S . VIT [24) 2808 i = L R 42 1
BHRMAERGERE, iR R G REA FFSCOR R, B A IE SCEERE J7, T DA AR
Rz AEE ST -

IRl R AR R 1R J2 08 PR BLRE 77, ez (et . ACSCSEEliE & 78 CNN R AR 7N ViT Block,
HAER LSNP 3 FoR, B = 4E5 NRRIE T IR AR R AR i 4G, Rk A7 2R M e S B iE
ERHERA SRR Ky D B Z4EREE, SR E XM RHIEREAT A7 B 9mfiD, i\ Encoder B, #EATIRZHFFIE
HHEL, I H AR .

C N*N N*N

Flatten Feature o Lincar Vm o Encoder |Feature

: :
N Positional encodeing

Figure 3. ViT Block module
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Figure 4. DenseRMA_ViT model architecture
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PR KRR e 2, X0 T 5 SR R O 23 0 I RE AR AN I A 1) . BT IR A1)
@i, ASCHET Focal Loss [25]%F 45 2k bR F0dEAT otk , AR
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4.1. WHESE

I RIH 7K R 42 55 FruitVeg-81 [26]. Fruits-262 [27]. Fruits-360 [28]4%, Hrp3rr Q3 itk
Sk MR, K5 BR T Bk REGEEME R . 7T UG HRE Fruits-360 7K RFIEARZ
EARS T HABEE S TR, ANEA LT N . FruitVeg-81 BEER T/KRE f, 8
TERE R, HHREEENEBEARR T Fruits-262 /b, FULTEATFEHESE S, Fruits-262 i 4 5 i
BAE AR TR R G R SR A 4R

JRUE Fruits-262 403 KK BRI F, B5AHE T K SR AR 2B 2200 B, AHb#E T (93
FRRAFER TN E £ IR £ e OB 20 s 1 B/ N ER, T Fruits-262 7145 apple (B 4). elephant
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FOKRLE apple #5¢, (HGAME W3R 2 RER, MLCAF—2 . BUEBAE ALK R A7
fE. B, Fruits-262 REMEL, (HARGHE, HARE G AMET RIS, Fit, MEEH T A
BT K SR AR T KRR R G B R H T,

FruitVeg-81 Fruits-262 Fruits-360

Figure 5. Sample Images from the public dataset

5. ATFHEERIE R

malay apple . » otaheite apple

Figure 6. Images of some apple varieties from the fruits-262 dataset
[ 6. Fruits-262 BT HERERMLEE H

AR SCil I R R TN R BALE, T e bolE HOK BRI R g, IF BAE A AR &
Fruits-262 46 R 7 5002 b SO A 80 o 7 S8 bl T R FH I e, Ak R SR 2[RI AR AR AL 2 Al o) 3,
DRI Dy 5 T ) S RS P AR BRI 7 s T BT M KR, R B R I 2 FEE . A SCHR 4% 49 Fikd
HKR, ESLPRRBR h, BIAYK I 5 KA R R AT . B TR R BERRSHFEER, B
FRAS AL G AL RIS 55, DRI AR ST HE 31 SR A8 B A TR K SR 0 AS )60 26 AT #0485, B B AL Pz A
XA K R PRSI, Wil 7 A/ NEAAR FARAE R i A

HARAEY A B TR AR AL E RIS B, B b B4 . Meta FHUETY SAM (Segment Anything
Model) [29] 53 T 76 FAmiE B AT 5 UG P AT AT R 04T 53 B o ARSCHE T SAM 501 T /K SRR S8
Ik BE N SAM, BENLVEREZ AR, WEGHEAT 5 H], BR15 RIS RIER 5 Ex 5
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Figure 7. Photoshoot of cherry tomatoes in different states
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Figure 8. Fruit image augmentation concept based on SAM
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Fisn(3). @) G)Fim. # Lk T hn R BRI

TP+TN
acc =
TP+TN +FP+FN 3)
TP
pre =
TP+FP 4)
TP
recall = ®)
TP+FEN
F1_ 2x prexrecall
pre + recall ©6)
Table 1. Table of precision and recall explanation
1 1EHEME R RFERER
X4y it Positive il Negative &l
SEBR Positive TP (True Positive) FN (False Negative) TP +FN
SR Negative FP (False Positive) TN (True Negative) FP+TN
it TP +FP FN+ TN TP+FP+FN+TN

F1 O BORAS I A A R AT Y, G365 08 1 0 RA PR A |2, & —DERa tERiE
fabn, WA NSRS 7R i ERe . HArERIA XA (4)Frr .

4.3. HRASCIE

NIAIE SRR AR (R 2, AR SCAE A JFBE 48 Fruits-262 HEAT W Rl SEEG, B0 Sk oo i 2kt
S Fruits-262 Fis 5 52 bR B A 250K, (R WEVEA I, EREURIKRGIES B ME. NIFHA
SO G A B, % RMA 8. ViIT Block. Focal Loss HEAT W ENSEH:, g4 Ran& 2 Fix,
FH R AT FIAR A T2t TN 4%, 3 PPkl 7 RIA Rk, BEAL 2% Accuracy. Precision. Recall. F1 &y
75.28%. 75.84. 75.37%. 75.60%, AHETALIRIN RMA ik, BORSHIRAG TR, (B2 H R RS
PERE FL A TR, VLRI AR M T REARANIIM, BT 7RI ZR-6VERE, 1IEP] Focal Loss B0t iA
Rt o [FIB 6S B SR AR 1 45 DenseNet-169, s S AR e (1A 84 14 BE 35545 FIT$2 71, E W] DenseRAM_VIT
S A R

Table 2. Ablation study results on the Fruits-262 dataset
= 2. £ Fruits-262 RS _EAVHRRSIIN AR

W' RMA ViT Block Focal Accuracy/% Precision/% Recall/% F1/%
1 73.63 74.94 74.21 74.57
2 Y - - 74.64 75.90 74.75 75.32
3 Y 74.63 75.77 74.76 75.26
4 Y 74.02 75.12 74.48 74.80
5 V V l 75.28 75.84 75.37 75.60

IR AT BRI IN RMA BIRCR LG, anl&] 9 i F sk B S830E 4 XY Fruits-262 FdiE 4 3 o
B 5% X 1852 eI R T AL e o, EEE — 475 Ebml &0, AT T JR 6455 DenseNet-169, ¥ T RMA
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TER RN 7S FIOGE, I HIOR TRACR BARIIOE, SR AT el R, SO AR K
TRKR AFRR SRR STER, RUEY 1A ST E ) RMA KA Rk

() RIGE R (b) DenseNet-169 (c) DenseRMA

Figure 9. Comparison of heatmaps with and without the Introduction of the RMA module
B 9. 5IA RMA RIRH S EXTEE

4.4, GEEIFEL

N T U A SO RS BT A o, B B AR T 1 [R) 2K SR AT AL kAT X B, S5 SN 3 AT,
JUEH S TR A REIR I, (HRMMATRI FOK BRA R EHE R D>, SEFREM . 7£AHFEIRE Fruits-
262 I, ACHATIER DenseRMA_VIT P BEART T R4 K A% Minut [28)4 BERIRTE. 18 A 4L

Table 3. Comparison of related studies on fruit recognition

= 3. ARRIRFEXARIIEL

ik A HmE KEF AR Topl Acc/% Top5 Acc/%
Enciso [16] 2018 il 1 320 98.25 B
Lu[19] 2021 il 9 6100 96.16 B
Kang [21] 2022 H il 7 18000 97.43 B
Ismail [22] 2022 H il 2 8791 96.7% B
Minut [28] 2021 Fruits-262 262 225,640 58% _
DenseNet [30] 2017 Fruits-262 262 225,640 73.63% _
DenseRMA_ViT (our) 2024 Fruits-262 262 225,640 75.28% _
Mobile v2 [31] 2018  DailyFruit-49 49 294,000 83.65 92.64
ResNet [32] 2015  DailyFruit-49 49 294,000 85.75 93.57
DenseNet [30] 2017 DailyFruit-49 49 294,000 87.53 98.83
ViT [24] 2020  DailyFruit-49 49 294,000 87.95 97.07
DenseRMA_ViT (our) 2024 DailyFruit-49 49 294,000 92.24 99.73
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4L DailyFruit-49 [, ASO6EG T IR 2% 3] 4 8150 JSH Y Mobile v2. ResNet. DenseNet. ViT, FHIHiiF B
BB PR SO AT 2801, RN A S0 78 2 (/K R B SR VE L R, /T 5 SRR AIRE LB 3 99.73%, IR R % i 2
SEBRAE K o ZR b AT AR SR BT B AR TR SRV AE /K SRR ) S B A N P 18

45. RG]

RGN Android RS0, RS SIRAIILT Pytorch HEZEAT Python 155 SEl, H L HEBEAL
U . G, TR A Oy E S A i A% . AR TorchScript #EA7 1 RS 24K .
TorchScript [33]1 B AH BT ML SPERE . 57 & CRFEEIL AL, 7T LUK PyTorch B 45y pdisrag =X, Af
HIGE T Python fleds, nT DATER Bl AR A\ ik &6 1I24T, H HIE T EH I ZREEAL. [R5, TorchScript
(A R AT LA B PE R R, kAT BB BT A 5 . 0 A, /K SRR I 28 ot B 46 AN 5 B vk
fE CPU BY GPU, FEHOGHMIY RK3399 5 7 b rf LARAIZAT, oA A% dn$a (8 Sk t AN 75 2 v o c 7

ARG VHESL WP 10 Fror, /- oAP0AMEH: KRS, Al AL, J5 & 3 8 He,
ey BURTE . DU BLES:, TERURE, SRS A 8. RGul I S AR S S A 55 F P I 3K )
KR EUG, AT B BT IR, IR 28 0m 5 R B P 22 B P R 2 S 5 T SE T R B R R 7K R
i, JFRIERER LEREERSS. FERABERIUIE F, HEAETRNSEBIE. 43R
A LB — R, 5 e RSB S AT, IR . AR E R H E S N ke AR
BCEFEHATER . B RGLIL T KR EUR A2 IR SEEEECE A ik, B[S ABRNHERE, R4
W 3RAT B K 1) 7 S PG i £ R S A A A

7K EAS IR R | R4S H R R

KRERFFRE |—>| BEFfsE AR <= | BERRHIAKR
AR Bk <=| EmbBRIfE
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Figure 10. Framework diagram of deep learning-based fruit detection system
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KRR ECR EE DR, WS, HEBEAERME 11 for, 2R a RS S iRmi,
KRG Aot i, b H PR SEE AN B &, Rl 3Gk BT I N K, A
WA NIRRT, X KRBT IR BR300 45 211 Pytorch BLARUEUE pth SCAFEAT il
TorchScript #3X, 454 Android SR 77 3R AT B RN i i (A28 58 R 2

Figure 11. Fruit photography device
E 11 kRBRE

4.6. SCRREBTZKRIIE

NEGAE DenseRMA_VIT /K SRR BV A 2400, fEARHEE T #4717 e B At . 2=
JEER, oK RATEE, Xf 28 MTE & /KRBT, B 45K, 70 DUESSERECE 1.3 14, 4t 112 5K,
W FE PR e e R . AR S, DARE IR . RS SR E R, Top5 AEBIEM, (HALARE, Wa
J A Topl PRI R o B4R B, 157 Topl IR AR 22 04 84.82%, Topb 4 96.43% . #H LL AL fili A5 1 DenseNet-
169 [1] Topl #:Hfi% 79.46%. Top5 #HEHfi% 90.18%, A /34Tt T 5.36%F!1 6.25%. /R AFEIRIN
Al ARG LIS SR A EE, SR SR S ORI, TR RS

Figure 12. Supermarket real-world testing
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KB B IRANRTEE E A, bR, IR, R EARO O . AR SO A TR T R K R AL
W, Wil TERTFRES N RS, AR, P ERHET . TSR, FE
R R, USSR, HIRNH SAM BHTEIRY S, MEAE 49 Rk, 294 FikE A1
DailyFruit-49 ##54E . 4% DenseNet AFEAIEAY, 254 818 52 MER /U], Bt RMA 3= L],
Mo VIT Block F TR E1E RS AEHREL, 53] DenseRMA_ViT #i%!, 3£ Focal Loss Budk Az X6t 2k ik
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