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AT EAL, FL PR (AP, average precision) FF3{H
(mAP, mean average precision) A 87.71%, & I ALAT il
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B R AT ARSE R AT BRI, RIREN 4.9%, A —
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1.1 BlRERERSE

ARSI BT R WA A S F oA AL R, REETH B
TR B AR SR, AHPLAE /K 8SE 1200 /I B &= 1A
BIRGk, THRGEEMET, B LE R, £8K
B /NBLFT RGN A4, FESTUENL b 07 [ AHML, SREX
I AT, B 1 ARG RERERER. BRI
RUTEFT ALV 4 [ A B A A MG, 2 R R LA
0.72 /s MR H ey, LA shME e MyLE
B 1 A8 1 SRR, R BRAE AR e i i A v m A 5 2
MR BIAS FIAE TR, DA RIS n 4 T 504 15 5., 38 n
HEe, MEINEB SR 2 448%2 448 18K, Hin
PREMEFEAR 2 500 7k, HEEGREITE 2 Fis.

LIRf 24558 3 FHEGERA 4=l THL 58
1.Roller ~ 2.Framework  3.Mobile phone fixture 4.HD mobile phone

5.Motor
B1 BRERKERE
Fig.1 Image acquisition device

B2 ‘AT
Fig.2 Example of image

ASCRIR Y 3 38, I RINIE R MG . KRB
Mt HUBEROIAIAR I A AR 2R B S A TE R AR B,
A AT IE WS 3R B A AR 2 A AL B8, HLAU
SR AHKER %I N FOF R 2 2I8UR,
SR R SRR AT, AR ENE AL
RS D A A 3R B OB A A, SRR 2 R s, i
WRWES, MMAEME. B 383 BitrEE.

a. 1B
a. Normal

b. KA
b. Skin lesions

B3 3EMETER

Fig.3 Examples of 3 citrus species

c. Bl

¢. Mechanical damage

1.2 E£RBIEERERLE

AICRIRTE 2 500 7K EUEFEAS 1 BENLPEIE 2 000 FKAE
RIS, Fla 500 FKAEAMIRE, 762 500 K EUEAEA
H R AR R NG B WR 1 iR,

®1 HBREEMERENE

Table 1 Category and quantity of citrus data sets
w0 EH WAL Bk A5
SR Dataset Normal Skin lesions ~ Mechanical damage

Il 4E Training set 15553 7353 3455
DREE Test set 3954 1744 872
St Total 19 507 9097 4327

ACAHH] Labellmg % BUEFEA B TR €, R FH COCO
Hnters . TEAREI, FRA AT I BEREAETER KL,
NAFAENUMAR AT, X T2 M oA 2 A UBR AR 15+
Was NI e R A8, TR R R AR sl
SURFEANIR R, a0 RAEAE L G a4 /D> B A s 2 s
TERIRTE, MRS 2 o I A A o

NTEEIIGRCR, Az AR DT, X
Kol A BRI 58 7 vk . % T RS SE AN 1R 7 1 A
SR ERAN 22 U FARFAE (S i, AR SCfE K SF R 5 1
BRI 2 MhEE I ST
1.3 REFE

AR % FE T Windowsl0 #:1E &4, GPU N
GeForce GTX 1060 (6 GB /%) , AL ZEHN Inter(R)
Core(TM) i5-8500 CPU@3.00GHz, iZ1THWAEN 16 G. #5
R4 R S5 KUEE T Python 15 5 5L, £ T PyTorch
REEZESIHESE, FHATIHEAESE(E ) CUDA 10.1 fiRA

2 HED R WEE SN fatR

2.1 SSD-ResNet18 t&HY

SSDIP LR R 2 5] H ARl i 4 $ HL AT R A B Bk
WA, HE @i RS 4% (backbone) 15 EI4FE ]
(feature map) , FEMRHIEE TN H A2 IL FAHE, Be)s
JHIL R KA (non-maximum suppression) 24 5E &
G YHERIZEN S8 . SSD YIZR i N KRG 0 HE%—
M 300%300 (5 K EL 512x512 {3 5, AL E 4L 5 SSD
R A S AR IR HF I S12x512 IR 2R EMG  EK .
2.1.1 ResNetl8 4&/EF2 I W %

J5i SSD AL VGGI6PUE A RFAE 4R B 4%, {H
VGG16 M ZHRTEN, THEEEE, ks 2
b SR o A A AT R 23K o R A SR SSD HIARFAEFR X
Y28 B 4N ResNet1 8 PREEFRZE M 4%, ZMZAUE 18 )=,
HEAHERPTHEERE, HF M HEICH VGGl6 M4
(7 1/107),  TORE AT DU I3 A SR 4 A TAT AR O LR
FLYIZRIT AT CAAEAR RS B R le S, AT 980 U R 1]
2.1.2 4HAER IR

TR AR AE 2 U 2% 15 21 B ARFAE 8 Sk R IR R
K, TIRTRFEATH — 2R 24 R . AL Cn
RBLEMEEEE n T RFEJG ISR FRHER, s 1 X
TRFE S TS B B RHE BB A CL, AEILRY B RR RS2
B 28 b — R 2 ik 7% €3, C4. C5 X 3 MRFiFE. 18
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HARRL AR 6T AN 5] (R AE B 2 2 22 HE ] s 2 2
ISEAHE (Anchor) , JEH NBEAFIER 3 Fho ASCfE
F K-means BBREEEE K=9, i@id 2 500 skIE LG 1
FHFFHERR] 9 PRI SCAHE, FHARR H 4 LiE A
0.084 5~0.151 1, #LL 768x768 1§ F& KI4r e A, N
HAERAE ) RFIEEL Y 64.90~116.04 1%, 1B C3 H

WURZ B (Effective receptive field) — M A 32, 1 C4 N
64, C5 A 1288, ALk C3 HEAE A — il H T AU
HIME AR I Al . PRI, AR SCIEHL €4 C5 31X 2 AMFFAE
K, M K-means RFVLEFEFEE] 6 FiAF ML
HE, 25N T C4. C5. SSD-ResNetl8 FrIH 7R £ gty
4 iz

Convl 4 B 5]

Conv4_x Location Class
I I Conv5_x - - 5
(TTT) _d
B
‘ — & NN - = 3
2% | ... 4 | L2 ES )
768 384 T s as | : : ®e|l™| X2
24 2 Rl B2
384 Conv3 X3 X512-s2 Conv3 X3 X512 g
768, 256 256 Z

GI 64 Conv3X3X256-s2 Conv3X3X256
12] Image Conv7 X7 X64-s2 8 640x4 8 640x4

ResNet18

B 4 SSD-ResNetl8 427 £ 4
Fig.4 Architecture of SSD-ResNet18

2.2 IKEH
SSD-ResNet18 5 71 )I| Zxb Frfaf FH ) 432 2k ek B bh B A
FEBRR (Logn) FDEERURAR (L) » FHAFKN

L(x,c,l,g) = %(Lcorgf(x,c) +aLod(x,1,g)) QD)

A x R TAE 5 F AR 2 ME 2 VT AT, 5 VTHAC I N
1, AUCENA 05 ¢ 13K softmax BEEU R — AN E
R, | ARERTHE, g AARELAREHE, N AKILACER
WHER SR, AR EE R RS ETR NI REL.
KT IR KRBT E AT 275 SCHR[18].
2.3 TR

AR F mAP R R AL MRS FE PPN Fa bR, AP
VE RN AR FE I 48 bR . mAP F1 AP 51t
% (precision, P) . A& (recall, R) HK, #EHi
HAE B E AU T

TP

P= 2
TP + FP

R= TP (3)
TP +FN

b TP ACRBIETRI 7 B IEREA R, FP AR S
A BIEREA RSO, PN AR R0 B 5O A )

i A AT 2R A (] 5T D2 )t HE A R —
Al AL, %2 DU [ SO AR, LAHERf R
AR, ARRR - FON AR RS A BRSO, 1 AP 2
XHZ LTI s, HAR 2308

AP = '[01 PRAR 4)
mAP NG K AP FME, EARN
1 M
mAP = — 3" AP(k) (5)
2

A M AR EEL, AP kK10 AP fH.
T JEE DA 41 A >R SR AG: ) — 1 ) i A 2l 1) - 24 if

], BESPE ks et E],  $AA ms.
3 &L

IS R I SRS SO FE NS R BB IR BUR , AL
FIr AR () B A R AL M # 1 5T ImageNet (T 2524k
TERA ISR B, DAL 43 H SGD (stochastic gradient
descent) PVEE, batch_size W B N 12, 3h#E (momentum)
BWE N 0.9, HIIE>1% (learning rate) W& N 0.001, 2~
SJRME RS AL IR EER (cosine decay) P, L H I
Ik 2 (weight decay) WE N 0.000 1, Y1k 50 IS KIEH
(epoch) o HHTASCINGMEHRILF ST ZIEMW, ) HBAE
a4 TR 0, IEYIZREAR SRS AW T, 78
WG, BRARE R AR TFR, ATDAEIZREE
JEAE G ORAF AR, BIEE 50 YORTEI TSR,
TEMRREE _ERHATRE— B I3 E b B 5 RFEYI GRS RE R
JiL SSD & SSD-ResNet18 il ki 5 M1 4E mAP.
40

235
= SSD-ResNet18
£3.0

225 J5SSD Original SSD
—

@20
X15
E10
0.5
OI 1 1 1 1 L 1 L 1
17 13 19 25 31 37 43 49

PEI U EL Epochs

a. PURSIEA RS B

a. Curve diagram of loss value and epochs

< .52 6 10 14 18 22 26 30 34 38 42 46 50
Y& X E Epochs
b. MiR4E mAP SRR E 2 E
b. Curve diagram of mAP of test set and epochs
B'5 /& SSD 45 SSD-ResNet18 9l %40 & A=l X & mAP
Fig.5 Training loss and mAP of test set of original SSD and
SSD-ResNet18
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4.1 FEMFAEEFTIER 43> 4R A 520

M ESCATRIRFIEE] €3 AA—E & H T SSD-ResNet18
R Rr I A SC I AG B 4R, RSO €34 C4. G5 %
MEFE RS A RILAT LBt L, SRk 2 pos. AME
F C3 AL mAP HLAl T C3 FOA RS e 4.2 N 4 0
SRS [ L FL /D 1ms, XATRERRCN C3 WE T/ &
W7 RS AE S, B — B fiid S e g C3 1T
R, T C3 WA RUBRSZ B R 32, ToigA R I 21
ANFHAE PIHRFAE, BRI 338 B ), BT 2B C3 J5, mAP
BRI, mHES TR EE, RNGEE RS
BT —E T

*2 (EATEHFHEERIAIEER

Rl 4 fros. J& SSD 5 SSD-ResNetl8 ff] mAP %
A%, {H SSD-ResNetl8 [l [A] 5072 i SSD #) 1/5,
T EL T AU 05 28 50l AR AH A H: AP B ELJL SSD e
1.56 ANE 43, Ui SSD-ResNet18 it F-1% A (143
FARMACRAMLE T8 SSD A 1 —EWIHE T Fioh, W
RSO T IE AT U0 ROR e, 0 T-HUAs £ o At
TR IR 22, IX %45 %% FEMHE 22 Bt 4= b (1 Bt
B K. AN B AR S HUMAR 071X 2 S I AR
R SEUR A G AR B R IB R, 8 I A & A
12 B A5 BT SR & HE , T RET] DA — P 4R TSR
IR BOR R T2 0 T A2 15 45403 RO AT A o

®3 TRSPRND FEMHRII L
Table3 Comparison of detection results with different resolutions

Vg =S S S I ]

Table2 Experimental results of using different feature maps Resolution/pixels mAP/% Average detection time/ms
LR MAP/% S-S A I ] 512x512 85.61 13.39
Feature map Average detection time/ms 640%640 86.82 17.40
C3. C4. C5 83.69 21.72 768%768 87.89 20.72
¢4 G5 87.89 20.72 896896 87.81 26.40
1024x1 024 88.04 30.76

4.2 AESPHRIHRE 5 28 NRAI =0

ERRBCNE G RTINS, AR TR 2k
TBCRFRTE, Ao HIEEL 512x512 122X, 640%640 14 K,
768x768 152, 896x896 1525, 1024x1 024 {33 5 FhoyiE
HEATRT RS, SR UNE 3 fin. MR 3 iTLUEH, 29
T 512512 B RIRTFE 768x768 1R, HEIRR K
YRGS TGN T 7.33 ms, {H mAP 8K T 2.28 ANH 43 14,
FHHRIETE. TR 768x768 15 RIRTFE 1024x1 024
BERMIIFE T mAP CUFE 88% F Fiksh, ZRILiR/N, H P
DU [RIXE N 10.04 ms, BEHALLE 0 FER PG I Cam A =
o GEEKTE, 768x768 R R M HER L EIE A ZHA.
4.3 FAHIBH D FEAEMZR

BMREETELL 768x768 B2 ASHR, HH C4.
C5 11 B 1) SSD-ResNet18 #5171 5 [ SSD #5784 | 43 J31] i3k
AT, 75 21 P PRI G 25 A 1 7 A TR, 45

a. JRI&l

a. Original image

#F 4 JR SSD 5 SSD-ResNet18 B4 A iMIZE R
Table4 Detection results of original SSD and SSD-ResNet18

A EIRERE AP/% P IGI I A]
Models mAP/%  Average detection
N SL MD time/ms
Ji SSD
Original SSD 9538 8566 81.61 87.55 108.83
SSD-ResNetl18 9472 8579 83.17 87.89 20.72

iE: N: IE¥; SL: REHAS; MD: MUt
Note: N: Normal; SL: Skin lesions; MD: Mechanical damage

Kl 6 Oy 2 AR o Seder I BARRCR . BT 6 7T LA
A 2 FRUN T AL B AR AR R, B
DLW MG DL X208 00, SSD-ResNetl8 5 Ji
SSD MCRWMZEAZ, FRIEFFE R, MWHEEE 15K
BRSO H O3S 22, 2 RBER A BRSO BT,
WY 2 R R A BT (R 2 SRR

——— —

b. FohkrE

b. Manual calibration

c. J SSD
c. Original SSD
e AEITHERRIER; SHEITHERIR BN, 1 I AR .

Note: The red box represents normal; The green box represents skin lesions; The blue box represents mechanical damage.

B 6 J& SSD & SSD-ResNetl8 &9 4A% 4~ FAx M R

d. SSD-ResNet18

Fig.6 Detection effect of original SSD and SSD-ResNet18 of citrus
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4.4 TEMEHEREIMAED 5 LA R AT EE

MobileNetV3EY, ESPNetV2P!, VoVNet39P32 & 24
HI B B 5 MR AE SR BN 4% . Hirf MobileNetV3 5
ESPNetV2 N &EH ML, &L, EEMATE)
;s VoVNet39 NEEH ML, EHEL, 3HEX,
Xof A2 23 VR M 14 3 ARG I 1] AT 5 A ) R o AR SCAE AR
AR LAt 35 7 AN e sl PR, 23 0 BE 4 1 X 3 R ARRAE
FEEUM % 5 ResNet18 HEAT 43 ZEK6 M 5 8 (5 B k56
ZEIRNE S fion. I 4 FHRFAESE LN 48 BT 43 () mAP
ZERAR /N, UL AE 3 AT RS HERE |, 4 Rl AiE 2 B
W25 (R AR, (EAERG IR ) _F, ResNetl8 it T3
f B AE B 4%, b MobileNetV3 $# 10.52 ms, b
ESPNetV2  16.78 ms, Lt VoVNet39 £ 36.76 ms, i
A ResNet18 7E & Fh 5 i A fr) 33 55 _F A BH AR 35 o

RS54 FFELR AN BOROR AT EE

Fig.5 Comparison of four feature extraction networks

FUEFRHL £ - .
RAEFRIL . TR 1]
Feature extraction mAP/% L.
Average detection time/ms

networks
ResNet18 87.89 20.72

MobileNetV3 87.21 31.24
ESPNetV2 87.70 37.50
VoVNet39 87.35 57.48

5 45 i

ASCHR T — T SSD-ResNet18 7R 5 % =) B 1)
M A 7= 2R S 3 SAG I T vk . AT X A3 IE R A A . R
A MAG . WU MG . A SR A E AW
ResNet18 {ENFFAESEHUM L, nhe 7 AR s il sk B
fEHH C4. CS5 HFAE BT T, (R 8 B A 4R 2 HE R
768x768 153, WA T AL 73 FAT IR E o fe AR A
) mAP 153 87.89%, P35l iy ]2 20.72 ms. 55
SSD HREAIARLG, 43 FATIAE FEAHIT, (H TS50 I s [A] 98¢
/b7 88.11ms, AGIIIE I B R . SR R K
R ARG B, R B 2 s B R, AT AR =48 E Bk
SRR RBEATE RS
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Real-time classification and detection of citrus based on improved single
short multibox detecter

Li Shanjun****> Hu Dingyi'?, Gao Shumin'?, Lin Jiahao?, An Xiaosong?, Zhu Ming'**

(1. College of Engineering, Huazhong Agricultural University, Wuhan 430070, China; 2. Key Laboratory of Agricultural Equipment in
Mid-lower Yangtze River, Ministry of Agriculture and Rural Affairs, Wuhan 430070, China; 3. China Agriculture (Citrus) Research System,
Wuhan 430070, China; 4. National R&D Center for Citrus Preservation, Wuhan 430070, China; 5. Citrus Mechanization Research Base,
Ministry of Agriculture and Rural Affairs, Wuhan 430070, China)

Abstract: Manually classifying citrus based on its surface defects is tedious and time-consuming and a new real-time
method is proposed in this paper based on the improved SSD deep learning model. In the testing bench of the waxing
machine, 2 500 images of a variety of citrus species were taken, of which 2 000 were randomly selected as training set
and 500 as testing set. Among them, the method classified 19 507 as normal, 9 097 skin defects and 4 327 mechanically
damaged. Considering that traditional methods using near-infrared spectra, support vector machines, HSV and RGB color
space model are inefficient to detect surface defects of citrus and can only identify one, we proposed an improved method
to calculate the image using the one-stage detection model - SSD-ResNet18. The method gets the feature maps through
backbone first, and then predicts the number of boundary boxes from the feature maps before determining the location
and category of citrus using confidence and non-maximum suppression. This can detect a batch of citrus. In the proposed
method, we used the mAP (mean average precision) as the precision index and the mean detection time as the speed
index. Optimization in the proposed method was solved using the SGD (stochastic gradient descent) algorithm. The
learning scheduler was based on cosine decay, enabling the learning rate to drop to 0 at the end of the training period.
This ensures the lost value during the training period to continuously decline. As the model was stable at the end of the
training period, it can be saved at the end of the training for further use. While the VGG16 was used as the original SSD
backbone, it needs a multitude of parameters and is hence computationally inefficient. We replaced it with the ResNet18,
which is approximately 100 times more efficient than the VGG16. An improved feature map was obtained from the
analysis of the effective sensory field of different feature maps and the size of citrus in the map, the anchor in which was
obtained using the K-means clustering algorithm from the manual label box. The suitable image resolution for the
proposed model was obtained by comparing images taken at five resolutions: 512x512 pixels, 640x640 pixels, 768x768
pixels, 896x896 pixels and 1024x1024 pixels. The results showed that the accuracy of the mAP of SSD-ResNet18 was
87.89%, improving 0.34 percentage points higher than the original SSD. The average detecting time of the SSD-ResNet18
was 20.72 ms, reduced by 436.90% compared to the original SSD's 108.83 ms. The accuracy of the AP of SSD-ResNet18
was 94.72%, 85.79% and 83.17%, respectively, for detecting normal, skin lesion and mechanical damage. We compared
MobileNetV3, ESPNetV2, VoVNet39 and ResNet18 as backbones and did not find significant difference between their
accuracy, but ResNet18 was 10.52 ms, 16.78 ms and 36.76 ms less than MobileNetV3, ESPNetV2 and VoVNet39 in
detection time, respectively. The method proposed in the paper meets the requirement on detecting speed in real-time citrus
production line and can effectively classify and detect a multitude of citrus simultaneously.

Keywords: object recognition; models; nondestructive detection; citrus; surface defects; deep learning; SSD; ResNet18
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