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ABSTRACT

Theprecisionsprayingofherbicidescansignificantlyreduceherbicideuse,andrecognizingdifferent
fieldweedsisanimportantpartofit.Inordertoenhancetheefficiencyandaccuracyoffieldweed
recognition,thisarticleproposedafieldweedrecognitionalgorithmbasedonVGGmodelcalled
VGGInception(VGGI).Inthisarticle,threeoptimizationsweremade.First,thereducednumberof
convolutionlayerstoreduceparametersofnetwork.Then,theInceptionstructurewasadded,which
canmaintainthemainfeatures,andhavebetterclassificationaccuracy.Finally,dataaugmentation
andtransferlearningmethodswereusedtopreventtheproblemofover-fitting,andfurtherenhance
thefieldweedrecognitioneffect.TheKaggleImagesdatasetwasusedintheexperiment.Thiswork
achievedgreaterthan98%precisioninthedetectionoffieldweeds.Inactualfield,theaccuracy
couldreach80%.ItindicatedthattheVGGImodelhasanoutstandingidentificationperformance
forseedling,andhassignificantpotentialforactualfieldweedrecognition.
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1. INTRodUCTIoN

Recognizingandremovingweedisanimportantpartoffieldmanagement.Weedssecretionshinderthe
growthofseedlingsandcausetheyieldreductioninthefield(Su,2017).Inaddition,weedsaremain
mediumtospreaddiseasesandinsectpests(Zhao&Liu,2019).Weedscompeteforenvironmental
resourcessuchasnutrients,sunlight,andwater(Hu,2007).Manualweeding(Xieetal.,2018)and
biologicalweedcontrol(Shabbiretal.,2018)areprimitiveandtraditionalmethodsforweedscontrolin
China(Lv,Dong,Sun,&Li,2018).Ontheonehand,thecostfortheresearchworkanddevelopment
ofbiologicalweedcontrolisveryhigh(Chen&Qiang,2015),ontheotherhand,chemicalweeding
(Wen,Ying,&Libai,2007)pollutestheenvironment(Liu,Wang,&Guan,2005).Thereisanurgent
needtoimprovetheefficiencyofweedsrecognitionandremoving.
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Theversatilityofcomputervisionhasmadeitafittoolusedinmanyfields,includingprecision
agriculture(Andrea,Daniel,&Misael,2017).Machinevisiontechnologywasfirstincorporatedinto
cropdetectionalgorithmstoidentifycroprowsandtosegmentplantsandweeds(Brivot&Marchant,
1996).Researchersdevelopedanautomatedcropsprayingsystem,andanalysisedthegreenhistogram
ofplantsimagesandperformedcropandweedsegmentationwithunspecifiedclassifiers(Aitkenhead
etal.,2003).Cao,Wang,Mao,andZhang(2007)developedamethodtoidentifyweedsinfieldby
usingpositionandtexturefeaturesofdrillcrops,themethodcouldachieve93%accuracy.Qiao,He,
Zhao,andTang(2013)developedandtestedamethodofweedrecognitionbasedonmulti-spectral
imagesandSVMclassifier,thismethodspentlesstimethantraditionalSVMclassifier.However,
thismethodhadalimitationthattheaccuracyneedstobeimproved.WangandLi(2016)proposed
analgorithmtoextracttheheightfeatureoftheimageandthenfuseitwiththetexturetoidentify
andobtainahigherrecognitionrate,thealgorithmhadaneffectivenessof98.33%.However,the
plantdetectionalgorithmpresenteda limitation that themethodpentextremely largecomputing
time.Yan(2018)proposedamethodtoidentifyweedsbyremovingshapeandcolorofimages,the
goalofwhichwastoprepareforintelligentinter-tillageinfields.Inordertoimproveaccuracyof
cropandweedidentification,afastfieldweedidentificationmethodwasproposedbasedonthedeep
convolutionnetworkandbinarycode,themethodcouldachieve92.7%accuracy(Jiangetal.,2018).
However,theeffectivenessoftheapproachwasnotguaranteedinsomeproductioncropscenarios.

In recent years, with the development of computer technology, the application of machine
visionrecognitionmethodintheidentificationofweedsandcropsisalsoveryextensive.Machine
visiontechnologycanprovideimportanttoolsforreal-timeimageprocessingandweeddetection.
Theconvolutionneuralnetwork(CNN)(LecunandBengio,1998)havebeenwidelyusedinvarious
fieldsandalsohaveachievedremarkableresultsinthefieldofimagerecognition.Oneofthemajor
advantagesisthattheoriginalimagecanbeusedasaninputandtheautomatictrainingfeature,and
furtherreducethemanualpre-processing.Especially,LeNet,VGG16(Keetal.,2018;Zhangetal.,
2018;Zhuoetal.,2018),GoogLeNet(Szegedyetal.,2014;Zhaietal.,2019;Xieetal.,2018),ResNet
(Guetal.,2019)andotherclassicalneuralnetwork,theyallhaveachievedexcellentresultsinimage
classificationandrecognition.Here,anVGGInception(VGGI)modelwasproposedtoidentifyand
detectfieldseedlingsandweeds.Inthispaper,threeoptimizationsweremade.First,thereduced
numberofconvolutionlayerstoreduceparametersofnetwork.Then,theInceptionmodulewasadded
anddropoutoperations,whichcanmaintainthemainfeatures,havebetterclassificationaccuracyand
aremorerobust.Finally,dataaugmentationandtransferlearningmethodswereusedtopreventthe
problemofover-fitting,andfurtherenhancethefieldweedrecognitioneffect.Moreover,theVGGI
modelappliedtotheactualimages,thealgorithmpreformedagoodeffectiveness.

2. MATERIALS ANd METHodS

Inthissection,wedescribethecharacteristicsofthedatasetindetail,introducethemodelinthis
paperandrelatedmodel.

2.1. dataset
Inthispaper,theweedsandcropsimagedatasetsofKagglecompetitionwereusedtotrainandtest
thenetworkmodel.AccordingtoXu(2011),thedatasetincludessixkindsofweeds,Black-grass,
Charlock,Cleavers,CommonChickweed,FatHen,LooseSilky-bentandsixkindsofcrops,Common
wheat,Maize,ScentlessMayweed,ShepherdsPurse,Small-floweredCranesbill,Sugarbeet.The
totalof4750fieldweedsamplesof12categoriesweredepictedinTable1.

Alltheimagesarepatchedof224×224pixelsbyMatlab.Thenumberofimageswererandomly
dividedintotwogroups:80%ofimagesasthetrainingdataand20%ofimagesastestingdata.As
showninFigure1,whichistheexampleoffieldplants.
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2.2. VGG Model
VGGisthechampionofthe2014ImageNetcompetition(ILSVRC14,2014),themodelisdeveloped
byAlexNet.TheVGGmodelhastwocharacteristics:Thefirstisthattheconvolutionkernelsare
small,mostofsizeare3×3,andfeware1×1.Theconvolutionoperationisaccompaniedbyan
activationfunction,whichcanidentifymoreabundantfeatures;thesecondisthesmallpoolingkernel,
comparedtoAlexNet’s3×3poolingkernel,VGGonlyhaspoolingkernelofsize2×2,makingthe
layersdeeper,thefeaturemapcanbewider.

VGG16isoneofthemostclassicneuralnetworks,asshowninFigure2,conv1andconv2,each
containstwoconvolutionallayers,conv3,conv4andconv5,eachcontains3convolutionallayers,
fc1,fc2andfc3,eachcontainsafully-connectedlayer;thelastoneistheimagefeatureclassification
layer,theyhaveatotalof16layers.AlthoughVGG16’effectisbetter,convergenceisfaster,butit
alsohassomedisadvantages.Withthedeepeningofmodellevel,thetrainingparametersisbecoming
morecomplex,itwilltakealotoftime,whatwedoistosolvetheseproblems.

2.3. Inception Module of GoogLeNet
TheGoogLeNetmodelisadeeplearningstructure,proposedbyChristianSzegedyandwonthe
championship in the classification and testing of ILSVRC-2014, where it achieved 5.5% top-5
classificationerrorontheImageNetchallenge,comparedtoAlexNet’s15.3%top-5classification
error.AsZhongetal.(2015)notedthatGoogLeNetmodelhasimprovedAlexNet’sproblemsofover-
fitting,complexitycomputationandlowaccuracy,alsohashighrobustness.Moreimportantly,italso
introducedanewmodulecalled“Inception”.GoogLeNetisaninceptionarchitecturethatcombines

Table 1. Details of the field weeds and crops image dataset

Labels Category Numbers Image Features

1 Blackgrass 263 Theleavesareslenderandtheedgesarefinelyjagged.

2 Charlock 390 Theleavesareelliptical,apexorsharp,baseroundorwedge-
shaped,withscallopededges.

3 Cleavers 287 Theleavesarepaper,generally5-8pieces,withneedle-like
convextipsatthetop,andthebaseistapered.

4 CommonChickweed 611 Theleavesareovate,apexacuminate,baseattenuateornearly
cordate,marginentire.

5 Commonwheat 221 Incompleteperiod,bladeslender.

6 FatHen 475 Theleavesarerhomboid-ovatetolanceolate,apexslightly
pubescent,basecuneatetobroadlycuneate.

7 LooseSilkybent 654 Theleafsheathisclosedandtheapexoftheleaftongueis
nearlycircular.

8 Maize 221 Theleavesareflatandwideattheseedlingstage,andthebase
isroundandear-shaped.

9 ScentlessMayweed 516 Theleavesareslender,apexblunt,basecuneate.

10 ShepherdsPurse 231 Theleavesareoblong,thetopislinear,thebaseisear-shaped,
andtheedgesareserrated.

11 Small-flowered
Cranesbill 496 Stemserect,leavesround,withroundedteeth.

12 Sugarbeet 385 Stemserect,leavesround,withlongpetiolate,apexblunt,
basecuneate.

Total 4750
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themulti-scaleideaanddimensionreductionlayersbasedontheHebbianprincipleandembedding
learning,asshowninFigure3.Huang(2017)pointedthatthisstructuregreatlyincreasesthedepth
andwidthofthenetwork,seekstheoptimalspatialstructure,andrepeatsinspacetoobtainmore
imagefeatures,whilekeepingthecalculationconstant.Overall,Inceptionmoduleplaysavitalrole
andpromotesthedevelopmentprocessofCNN.

2.4. VGGI Model Structure
Inourexperiment,weimprovedVGGmodelbyreducinglayersofconvolutionandincreasingInception
modules.ThenewmodelcontainsInceptionmoduleanddropoutoperations.Inceptionmodulenot
onlycanincreasethedepthandwidthofnetwork,butalsocanreduceparametersofnetworkgreatly.
Thenaveragepoolinganddropoutadded.Averagepoolingcandividetheimagesintoseveralblocks

Figure 2. VGG16 Model

Figure 1. Sample of field weeds and crops train dataset (Note: From left to right and from top to bottom, there are black-grass, 
charlock, cleavers, common chickweed, common wheat, fat hen, loose silky-bent, maize, scentless mayweed, shepherd purse, 
small-flowered cranesbill and sugar beet, respectively)
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ofthesamesize,andonlytakesthelargestvalueineachblock.Afterabandoningothernodes,it
maintainstheoriginalplanestructureinvariance,andfurtherreducestheamountofcomputationby
dropout.TheimprovedmodelisshowninFigure4,andthelayerinformationasfollows:

• Input layer: Loading the images, after preprocessing, the 3-channel field weed images are
directlyasinputtotheconvolutionallayer;

• Convolutional layer:Aconvolutionallayerischaracterizedbysparselocalconnectivityand
weightsharing.Eachneuronofthelayerisonlyconnectedtoasmalllocalareaoftheinput.
Differentneuronsrespondtodifferentlocalareasoftheinput,whichoverlapwitheachother
toobtain abetter representationof the image. In addition, theneuronsof a convolutional
layeraregroupedinfeaturemapssharingthesameweights,sotheentireprocedurebecomes

Figure 3. Inception modul of the model (Note: The Inception module is composed of 7 convolution layers, including four 1 × 
1 convolutional layer, one 3 × 3 convolutional layer and one 5 × 5 convolutional layer, and one 3 × 3 maximum pooling layer)

Figure 4. Structure of the VGGI model (Note: In the VGGI model, the first nine convolutional layers are all used 3 × 3 convolution 
kernels stacking. The two 3 × 3 convolution kernel stacks are equivalent to a 5 × 5 convolution kernel and three 3 × 3 convolution 
kernels are equivalent to a 7×7 convolution kernel. After the stacking of each convolution kernel, four Inception modules are 
followed, the maximum pooling layer is added in the middle of two Inceptions, and the final Dropout layer is used to reduce the 
parameters. The fully connected layer is used to output at the end of the network. SoftMax is used to calculate the loss.)
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equivalent to convolution,with the sharedweights being the filters for eachmap.Weight
sharing drastically reduces the number of parameters of the network and hence increases
efficiencyandpreventsoverfitting.Thismodelhasatotalof9convolutionkernelsofsize
3×3,thefirsttwoconvolutionallayerscontains64featuremaps,itfollowedbyapooling
operation.Thepoolingkernelofsize2×2withastrideof2pixels,thiswayismax-pooling.
Then2 convolutional layers contain the featuremap sizeof 128, followedby thepooling
kernelsizeof2×2withastrideof2pixels.Next2convolutionallayerscontainthefeature
mapsizeof256,followedbythepoolingkernelsizeof2×2withastrideof2pixels.The
last3convolutionallayerscontainsfeaturemapssizeof512,followedbythepoolingkernel
sizeof2×2withastrideof2pixels;

• Activation function:EachconvolutionlayerisfollowedbytheRectifierLinearUnit(ReLU)
(Vinod,Geoffrey,andHinton,2010)activationfunction,whichisanunsaturatedfunction.
Thesparsityofthecalculatedresultscanreducethebackpropagationerror,acceleratethe
convergencespeedofthenetwork,improvethenonlinearexpressionabilityandimprove
theidentificationability;

• Inception module:FourInceptionmodulesarefollowed,themaximumpoolinglayerisadded
inthemiddleoftwoInceptions,andthefinaldropoutlayeris0.4,whichusedtoreducethe
parameters.Thefullyconnectedlayerisusedtooutputattheendofthenetwork.SoftMaxis
usedtocalculatetheloss.

Thispaperdiscussedtheinfluencesofvariousparametersinthemodelontheaccuracy.Then,
comparedandanalyzedtheevaluationindicators(precision,recall,andF1scores)ofthetraditional
VGGmodelandVGGIbyconfusionmatrix.

3. EXPERIMENTAL RESULTS ANd ANALySIS

Inthissection,wediscusstheexperimentalresults.AllexperimentswereimplementedinMatlab
underWindows10,usingtheGPUNVIDIAGTX1050.In thiswork,overallaccuracy,precision,
recallandF1scorewereselectedasthequantitativeevaluationindex.

3.1. data Augmentation
Duetothelackofalargenumberoffiledweedsdata,especiallytheblack-grass,charlock,cleavers,
commonwheat,maizeandshepherdpurse,itisobviousthatthetrainingofthemodeleasilyleadsto
over-fittingproblemandinaccurateaccuracy.Therefore,basedontheoriginalfieldweedsdataset,
weadoptacombinationoftwosolutions.

Oneisthedataaugmentation.Weusereflectiondeformation,theimagedatafor30degrees,60
degreesandverticalmirrorofrotation.Inaddition,tosimulatetherealfieldenvironment,thefiled
weedimagescorruptedwith20%saltandpeppernoise,andusedtheadaptivemedianfiltertoenhance
theimages.Expandingfromover4,000in12categoriesofsignsto20,944.Thenumberoffinalfiled
weeddataareshowninTable2.TheaugmentationsamplesareshowninFigure5.

Anotheroneisthetransferlearningmethod,weusedparametersofVGG16astheparametersof
stackingconvolutionlayerofVGGI,andparametersofGoogLeNet’sInceptionmoduleasparameters
ofVGGI’sInceptionmodule.Thenfine-tuningtrainingforthelastthreelayersofVGGI.Fine-tune
trainingcankeepthebasiccharacteristicsofdataset,suchascolor,texture,etc.Atthesametime,
fine-tunetrainingcanavoidoverfitting.Itisveryusefulformanytasks.

Inourwork,weusedataaugmentationandtransferlearningmethodoffurtherimprovetheVGGI
model.Dataaugmentationmainlyaffectstheinputstageofthemodelandenhancesthequantityand
uniquenessofdata.Transferlearningmainlyplaysanimportantroleinmodelparameter.
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3.2. Model Parameters
TheclassificationaccuracyofVGGandVGGIinvariousbatchsizeandepochswasshowninTable2.
InTable3,thecolumn1andcolumn4representsdifferentbatchsizeandepochsonVGGandVGGI
model.Giveanexample,VGG(16,30)representsthatthepre-trainednetworkusedisVGG,andthe
batchsizeofthenetworkwassetto16,thenumberofepochswassetto30.Somehyperparameters
weresetasfollows:theoptimizationmethodwasstochasticgradientdescent(SGD)withmomentum,
andthemomentumwassetto0.9,andtheinitiallearningratewassetto0.001.

Bycomparing theclassificationaccuracyof theVGGandVGGImodel, itcanbefound
thattheperformanceofVGGI(64,30)modelandVGG(32,30)arerelativelyoptimal.Therefore,
VGGI(64,30) and VGG(32,30) were used to explore the impact of its network structure on
classificationperformancesubsequently.

Table 2. The final filed weeds data

Category Black-Grass Charlock Cleavers Common 
Chickweed

Common 
Wheat Fat Hen

Trainingset 1219 1463 1590 1647 1216 1346

Testingset 304 366 397 412 304 336

Category LooseSilky
bent Maize Scentless

Mayweed
Shepherds
Purse

Small-
flowered
Cranesbill

Sugarbeet

Trainingset 1218 1310 1512 1386 1458 1392

Testingset 304 328 378 346 364 348

Figure 5. Samples of the weed image data augmentation
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3.3. Analysis of Experimental Results
Inorder toquantitativelyanalyzeand test thenetworkperformance, theprecision(P), recall (R)
andF1scores(F1)wereusedforobjectiveevaluation.Theprecisionisthepercentageofthecorrect
portionofthetestresults.Therecallisthepercentageofthecorrectpartofthetestresultstothe
actualcorrectpart.Inaddition,theF1scorewasgiventoevaluatetheoverallperformanceofthe
classifier.Thecalculationformulasare:

precision
true positive

true positive false positive
=

+
 

  


recall
true positive

true positive falsenegative
=

+
 

  


F
precision recall

precision recall
1
2

=
× ×

+


where,truepositivereferstothenumberofcorrectlyidentifiedcrops,falsepositivereferstothe
numberofincorrectlyidentifiedcrops,falsenegativereferstothenumberofincorrectlyidentified
cropsasweeds.

Thetotal4188fieldweedsamplesof12categoriesoftestingsetweretested,andtheresults
wereshowninTable4.

AsshowninTable4,theaverageprecisionofVGGmodelis90.79%,theaverageprecisionof
theVGGImodelis98.63%,theaveragerecallofVGGis98.31%,theaveragerecalloftheVGGI
modelis98.64%,theaverageF1scoreofVGGis98.30%,andtheaverageF1scoreoftheVGGI
modelis98.63%.

KamilarisandPrenafeta-Boldu(2018)pointedoutthatinordertoavoidtheremovalofcrops
asweeds,itisallowedtohavesmallprecisionbutlargerecalls.Thebestcaseishighprecision,high
recallandhighF1score.Overall,theVGGImodelperformsbetterthantheVGGmodelinthetest
offieldweedimages.

Samplingofmisclassifiedby theVGGImodel in the testing set, these typicalmisclassified
samplesareshowninFigure6.AccordingtotheconfusionmatrixinTable4,themaincausesof
misclassificationaresummarizedintothefollowingcategories:

Table 3. Test accuracy of different models

Model Accuracy (%) Time(s) Model Accuracy (%) Time(s)

VGG(32,10) 95.63 39.89 VGGI(32,10) 95.99 40.47

VGG(64,10) 97.09 40.53 VGGI(64,10) 94.05 37.68

VGG(16,20) 98.19 40.77 VGGI(16,20) 95.73 52.66

VGG(32,20) 98.33 45.05 VGGI(32,20) 97.64 43.42

VGG(64,20) 98.14 52.59 VGGI(64,20) 98.45 47.40

VGG(32,30) 98.49 40.36 VGGI(32,30) 98.04 51.54

VGG(64,30) 97.89 40.35 VGGI(64,30) 98.73 38.58

VGG(32,40) 96.44 46.67 VGGI(32,40) 96.97 46.58

VGG(64,40) 95.98 47.53 VGGI(64,40) 95.75 49.67
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1. Themainreasonofconfusionbetweenblack-grassandloosesilky-bentisthatthesizeandshape
ofthemaresimilar,thefigureofthebackisthesame,andtheproportionofplantsissmall,soit
iseasytobeconfusedinidentificationandclassification.Similarly,commonwheatisalsoeasy
tobemistakenlydividedintoblackgrass;

2. Boththecleaversandcommonchickweedhavetwomorphologicalfeatures,bothofthemhave
nearlyellipticalshapeandsimilaredges,sotheyweremisclassified.

3.4. Prediction of Actual Effect
Inordertoverifytheactualfieldpredictioneffectoftheoptimalmodelinthispaper,wephotographed
2commonchickweeds,3maizesand1commonwheatsfortestingfromfield.Thesampleofallthe
testingdataisshowninFigure7.TheoptimalparameterVGGImodelwasusedtomaketheprediction.
3optionswiththehighestpredictionprobabilityareoutput,whicharearrangedindescendingorder
fromtoptobottom.FromtheFigure8,theactualfieldpredictioneffectofmaizecanreachtheaccuracy
of80%,andtheactualfieldpredictioneffectofcommonwheatcanreachtheaccuracyof72%.But

Table 4. Confusion Matrix and classification performance of the model

Method Labels Precision (%) Recall (%) F1(%)

VGGI

Blackgrass 95.03 94.10 94.56

Charlock 100.00 98.91 99.45

Cleavers 99.50 99.50 99.50

CommonChickweed 99.51 99.51 99.51

Commonwheat 99.34 99.34 99.34

FatHen 100.00 100.00 100.00

LooseSilkybent 94.75 95.07 94.91

Maize 97.62 100.00 98.80

ScentlessMayweed 99.21 99.47 99.34

ShepherdsPurse 98.85 99.13 98.99

Small-floweredCranesbill 100.00 99.45 99.72

Sugarbeet 99.71 99.14 99.42

VGG

Blackgrass 90.16 96.27 93.11

Charlock 99.19 100.00 99.59

Cleavers 100.00 98.74 99.37

CommonChickweed 99.27 99.27 99.27

Commonwheat 97.73 99.34 98.53

FatHen 99.40 98.51 98.95

LooseSilkybent 96.27 89.27 92.64

Maize 100.00 99.70 99.85

ScentlessMayweed 100.00 99.47 99.73

ShepherdsPurse 98.58 100.00 99.28

Small-floweredCranesbill 100.00 99.73 99.86

Sugarbeet 99.43 99.43 99.43
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theactualfieldpredictioneffectofcommonchickweedisnotgood,onlytheaccuracyof30%.Itmay
bebecausethecommonchickweedbackgroundistoocomplexandtheshootingangleisdifferent.

4. CoNCLUSIoN

Inthiswork,improvedVGGwithInceptionmodule(VGGI)forfieldweedrecognitionwasproposed,
inwhichthemulti-layercontinuousconvolutionswerereducedandtheInceptionmoduleswereadded.
Byusingdataaugmentationandtransferlearningmethods,boththenetworktrainingefficiencyand
theconvergenceratewereenhanced.ItisprovedthattheVGGImodelcanlearnmoreinformationand

Figure 6. Samples of misclassified

Figure 7. Sample of field weeds and crops testing data. (No.0~No.2 are Maize, No.3~No.4 are Common Chickweed, No.5 is 
Common wheat.)
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extractmorefeatureseffectively,theseadvantagesensurethenetwork’sconvergenceandrobustness.
Thehyper-parametersoftheconvolutionalneuralnetworkweresetbyalotofexperiments.Asitshown
intheresult,theclassificationaccuracyofthemodelgottoashighas98.73%,whilethecomputing
timewasonly38.58seconds.Thisindicatesthatthenewmodelcanaccuratelyidentifyfieldcrops,
weedswithlargedata,preparedforaccurateweedremovalinthefuture,andprovidedreliablesupport.

However,theVGGImodelisstilldeficientinrecognizingthecomplexbackgroundanddifferent
shootinganglesimages.Wewillfocusonhowtoenhancetheidentificationoffieldweedsunderthe
complexbackgroundanddifferentshootinganglesinthefuturework.

Funding
ChinesePostdoctoralScienceFoundation(2014M561321)
NationalScienceandTechnologySupportPlan(2018YFD0300105-2)

Figure 8. Actual Field Effect Prediction Diagram of VGGI. (The images in first column are respectively No.0, No.1, No.2. The images 
in second column are respectively No.3, No.4, No.5.)
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