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Indoor positioning plays an important role in indoor

Withtheemergenceof Location-BasedService(LBS), in-

(suchasindoor navigation, indoor location-based service,

outdoor positioning based on global positioning system

indoorpositioning: 1)environmentalclosenessandstructural
positioning unable to meet the practical application. 2)
and difficult to popularize. 3) Radio signal has serious

Mobile phone indoor positioning has been ahot spot in

lowcostandeasypromotion. However, duetothelimitation

phoneindoorpositioninghasmanylimitations.

smartphones, WiFi fingerprint-based positioning methods
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ofmultipathandnon-line-of-sight,signalfluctuation,scattering

user’slocation,whichislesaffectedbytheenvironment,more

I. Int r o duc t io n

businessactivities, monitoring, logisticsandtransportation.

door positioning is also more usedfor personal purposes

supermarketshoppingguide, etc.). However, comparedwith

(GPS), whichismature,thereareseveral majorproblemsin

duplication. The impurity makes the accuracy of outdoor

Indoor positioning with additional hardware is expensive

interference, largeattenuationandlowpositioningaccuracy.

personal indoor positioning because of its lowthreshold,

of mobilephonehardwareandcomputingplatform, mobile

Inthecontext ofthewidespreaduseofWiFi routersand
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Abstract—In this paper, an image andWiFi multi-mode

present, butWiFi fingerprint localizationhasthephenomena
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have receivedwidespread attention. The RADAR system

WiFi indoorpositioning. TheRADARmethodcomparesthe

vector with the data in the database to find the most
NaiveBayesianprobabilitymodel. WiFi fingerprintlocation

strength is used to find the degree of matching between

[3]proposes an indoor positioning method that combines

affectedby multipathinterference, it isdifficult toachieve

positioning. Usingimagesfor indoorpositioningisanother

information andWiFi signalsto visualizetheWiFi signal

andtheRGBimage.
positioning method, this paper attempts to usethe multi-

imagewiththeWiFi informationfor positioning, aimingat

andachievingbetter positioning effect. Both signals have

required, thehardwarecost is low; thesignal is relatively

andeasy to promote. Basedon the characteristics of the

range, andtheWiFi fingerprint algorithmcan distinguish

information is first used for regional differentiation, and

accuratepositioningresults. In suchamulti-modal method,

andpositioningeffect.

reviewsrelatedworkandthealgorithmframeworkinSection

analysisarediscussedin Section5, andfinally Conclusion

[ljintroducedby Microsoft Researchisthefirst exampleof

real-timecollectedWi-Fi ReceivedSignal Strength(RSI)
similarpositionasthepositioningresult; Horus[2]isaclassic

system. The probability distribution of the Wi-Fi signal

the RSSI vectors in aprobabilistic manner. Singh et al.

WiFi and GPS signals. However, since WiFi signals are

satisfactory results by relying solely on WiFi fingerprint

hotresearchmethod. Jiaoetal [4]usestheanalysisofimage

andachievepositionestimationbymergingthevisual image

In viewof theshortcomingsof theabovesingleindoor

modal fusion for precise positioning, and combines the

overcoming the defects of single-mode signal positioning

the following advantages: no additional infrastructure is

stable, therobustnessisgood; theacquisitionisconvenient

two signals, theimagehasbetter discriminationin awide

well inthelocal area. Inthepositioningprocess, theimage

thentheWiFi fingerprint matchingisusedtoobtainmore

positioningfromcoarsetofinecanhavebetter adaptability

Therestofthispaperisorganizedasfollowed. Section2
3. Section 4 discusses the methodology. Application and
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fusion using image and WiFi fingerprint information is

signal localization. Based on the characteristics of image

theimageinformationisfirst usedfor areadivision. Based

fine-grainedmatching.Positioningisdoneinacoarsetofine

The designed indoor positioning algorithm is mainly

canbeeffectivelyutilizedinamulti-modal mannertoobtain

theindoor positioningmethodbasedonthefusionofWiFi

WiFi andthestabilityoftheimageareusedtoimprovethe

theofflinestagetodividethelocationarea,theWiFi finger-

divided; theWiFi dataismatchedinreal timeintheonline

for matching. Because image location only needs image

localization requires a more distinct distinction between

The main methods of using computer vision are 2D

requiresimagefeaturematchingtodeterminewheretheuser

whichusestheSURFfeaturetoestimatetherelativedistance
and finally the specific location where the user took the

the SfM (Structure from Motion) algorithmto construct

two-dimensional imagesequence. For example, theiMoon

gridfromthegenerated3Dmodel bybuildinga3Dmodel

Findthemappingbetweenthe2Dfeaturepointsandthe3D

positioningmethodbasedoncomputer visionis relatively

However, the method based on 3Dmodel localization is

The methodbasedon2Dretrieval isrelatively inaccurate,

C. Multi-modeFusionIndoorpositioning
Byutilizingtheadvantagesofboth, themulti-modedata

abetter positioning effect. This paper is mainly basedon

informationandimagedatainformation.Theconvenienceof

positioningperformance.Firstly, theimagedataistrainedin

print informationiscollected, andtheimageinformationis

stage, andthenget thepositioningresult.
III. A l gor it hm Fr amewo r k

An algorithmfor imagelocalization using multi-modal

proposed to overcome the shortcomings of single-mode

andWiFi fingerprint location, intheprocessofpositioning,

onthis, theWiFi fingerprint informationisusedfor further

manner.

dividedintotwostages:theofflinetrainingstageandtheon-

[5] information used asfeatures, using semantic features

asinput, it canalsobeusedfor outdoor location. Image

locations,andit iscloselyrelatedtothequalityoftheimage.

imageretrieval and3Dmodeling.The2Dapproachtypically

istakingthephoto. Atypical representativeis MoVIPS [6],
of the real geographic location using the pixel distance,

photo. The3Dmodel-basedpositioningmethodusuallyuses

athree-dimensional structure of anindoor sceneusing a

methodproposedby Jianget al. [7] compiles anavigation

oftheindoorenvironmentthroughcrowdsourced2Dimages.

point cloudonthephototoget thepositioningresult. The

intuitive, withgoodstabilityandconvenientdatacollection.

complicated, andtheamount of dataconstructionislarge.
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workingmode, wirelessinterconnectionthroughawireless

device, buildsaninfrastructurenetworkmodel, andformsa

users. Suchaslargeshoppingmalls, airports, etc.Different

the surrounding at a specific frequency. The data frames

to indicate their network status, especially the received

Positioning obtains the target position by obtaining the

of the received signal strength, andthe WiFi positioning

onlinepositioningstage.Theofflinestageconstructslocation

gerprint database. Theonlinestagecomparesthemeasured

database. CommonlyusedWiFi measurement methodsare

proposesaweightedfusionfingerprint locationmethod.

or indirectly matchtheimage of thecurrent environment

ing is to extract features fromreal-time images, and find

usingthelocationoftheimageidentificationasthelocation.

asmarkerstoachievelocalizationbyimagerecognitionof

easeof discovery anduniqueness of landmarks, which is

environment, becauseofitsspacelimitations, thefeasibility

In addition, many studies have focused on the use of

extractionmethodsfocusonscale-invariant FeatureTrans-
featuresof thecapturedimage, andestablishimagefinger-

theimagewiththehighestmatchingdegreewill beusedas

andFutureworkswill befeaturedin Section6.
II. Rel at edWor k

Theindoorpositioningsystemusessensorinformationto

modal position fusion position estimation by using WiFi

A. WiFifingerprintpositioning
WiFi has two working modes, one is a peer-to-peer

networkcard; theother is toinstall awireless connection

uniqueWiFi hotspot, whichisusedby alargenumber of

wireless receiving points (APs) broadcast radio signals to

contained in the signals carry some specific information

signal strength(RSSI) andMACaddress, WiFi fingerprint.

corresponding position information by real-time matching

isdividedintotwo stages, anofflinetrainingstageandan

coordinates andWiFi signal strength, andlocates thefin-

WiFi fingerprint information with the stored data in the

TOA, TDOA, andAOAtriangulationmethods. This paper

B. Image-basedpositioning
Image-basedlocalizationusespatternmatchingtodirectly

withthepre-preparedimage.Themostdirectwayofmatch-

out themost similar databaseimagesbyfeaturesimilarity,

Forexample, someresearchersusesomeobviouslandmarks
landmarks. The use of landmark positioning requires the

moresuitablefor outdoor openenvironment. Intheindoor

of usinglandmarksalonefor positioningis low.

imagefingerprint for matchingandpositioning. Thefeature

form(SIFT), Speed-Up Robust Feature(SURF) andother

print databasefor matching. Thepositioncorrespondingto

theusersadjacent location. Therearealsoimagesemantics

realize position estimation. Our work is to realize multi-

fingerprint locationandimagepositionclassification.
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ThispaperchoosestobuildindoormapsinGuilinIntelli-
gent Industrial Park,buildsindoormapsusingindooractual
scenes, establishatwo-dimensional coordinatesystem, and
mapseachpositionoftheindoor planetocoordinates.
Theindoor mapismeshedevenly, andWi-Fi fingerprint

dataandmultipleimagedataarecollectedatmultipleloca-
tionsandrecordedintwo-dimensional coordinatepositions.
InthecaseofWi-Fifingerprintcollection,duetotheobvious
fluctuation of some low-intensity Wi-Fi APs, this paper
adoptsthestrategyoftime-divisionmultipleacquisition. For

n<t \
X> •
n=Q J

Intheonlinestage,theWiFi signal strengthisobtainedin
real time, andtheEuclideandistance[8] isusedtocalculate
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IV. Met ho do l o g y
First, the area to be located is divided, and then the

corresponding collectionpoint is determined according to
the fixed AP point. According to the indoor environment
andaccuracyrequirements, thedistancebetweeneachfixed
point canbesetbetween 1meterand5meters. Thehigher
the precision, the smaller the fingerprint distance of the
dot. The information such as the BSSID of the AP, the
physical locationofthesamplereferencepoint, thereceived
signal strengthvalue, andthetimestamp of the RSSI are
acquired. Theoriginal dataisfilteredtoeliminatetheuse-
lessAPinformation, whichcanimprovethecomputational
efficiency of the algorithm, andthen averagethe original
datatoreducetheinterferenceof other signals, sothat the
fingerprint information is more stable. The pre-processed
datais trainedby fingerprint clustering using K-means to
further classify, reduce online matching fingerprint search
time, andimprove correspondingefficiency, sothat it can
adapt torelatively largescenes. After somecolumns data
processing, thefingerprint databaseisfinallygeneratedand
storedintheserver.
In the offline fingerprint data collection stage, data

is collected according to the reference point, and R =
[ri,r2,... ,rm] be atwo-dimensional matrix for reference
points.At eachreferencepoint, nth RSSIs arereceived. In
order to reduce the measurement uncertainty, the signal
strengthisobtainedfromRqtoRt inttime, andthereceived
signal strengthisaveraged, andcomputedas:

Figure1. Thesystemworkflowofourpositioningprocess

In theoffline training stage, it is necessaryto combine
thetestscenarioplanwiththepresetdataacquisitionrelated
informationtocollect andanalyzetheWiFi signal strength
and image data. This phase mainly includes two parts:
(1) WiFi signal strength processing: using the K-means
algorithmtoperformfingerprintclusteringtrainingonsignal
strengthtoconstructacorrespondingWiFi fingerprint map;
(2) Imagetraining: Using AlexNet to construct animage
classificationmodel.
In the online positioning stage, after the relevant data

acquisitioniscompleted, theregionmatchingbasedonthe
continuousimage: for eachsegment, thetrainedneural net-
workmodel isusedfor imageclassification, andsuccessive
images are analyzed to reduce the chance anddetermine
the overall region range. Weight-basedfusedWiFi signal
strengthmatching: Thelocationinformationisfilteredusing
theregionrange determinedby theimage andthe signal
strengthobtainedonline. Todeterminetheclosest location.

A. Constructionofindoorcoordinatesandgridpoint divi-
sion

linepositioningstage. Thepositioningprocessisasshown: imagedata,byacquiringcontinuousvideo,subsequentframe
extractionisperformedtoacquirearelatedpositionimage.
The gridpoints aredividedby afixedlengthtocollect

dataforthewalkablerangeoftheindoorenvironment. Inthis
paper,thesamplingpointsaredividedby0.5msteps.Figure
2(c) shows the point distribution information for indoor
samplingin theindoor reachablerange, andtheorigin of

Figure2. Indoorcoordinates

whichisset attheleft lower comerofthescene.
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mainreasonisthattheinputof227x 227ismoreconducive
to the divisible calculation of the convolutional layer. In
thelast layeroftheoriginal model, 1000neuronsareused,
and4096 neuronsintheseventhlayer arefully connected.
Throughthe Gaussianfilter, 1000values of type float are
obtained, that is, 1000predictionprobabilitiesareobtained.
Inactual use, theappropriatenumberofneuronsisselected
accordingtothenumberof classifications. After theimage
dataisclassified, theCaffeModel canbedirectlycalledin

k
A. ImageclassificationandpositioningbasedonAlexNet

theonlinepositioningstage, andthenewlycollectedimage
dataisclassified, sothattheareaisdividedaccordingtothe

Taking kth reference points with the smallest Euclidean
distance and then estimates the user position with the

!> » - & ) ■
71= 1

correspondingposition:

(x,y) (3) information, andit’sbettertobeusedtotheWiFi positioning
matching.

V. Appl ic at io n and anal ysis
Thisexperimentmainlyteststhepositioningalgorithmin

Whencollectingimagedata, thecollector only needsto
collectcontinuousvideoaccordingtothedirectionoftravel,
withouttakingaseparatepointtotakeaphoto. Thiswaycan
besynchronizedwith theacquisitionof themagnetic field
sequence,andtheacquisitionspeedisfaster.Afterthevideo
acquisitionis completed, frameextractionisperformedon

GuilinIntelligent Industrial Park. It usesOnePlus5Tmobile
phoneasthetest equipment. Intheofflinestage, it collects
WiFi andimage data, andperforms WiFi fingerprint and
multi-angleimageacquisitionat fixedpoints. We selected
200 sets of test data andcomparedthe cumulative errorthecollectedvideo. Theimagesofthecorrespondingframes
distributionfunctionsofthetestdata, asshowninthefigure.
Theabscissaisthepositioningerror andtheordinateisthe
correspondingcumulativeprobability. The redsolidlineis

areextractedaccordingtoacertainnumber of frames, and
aremappedto specificpathcoordinates accordingtotime
intervals. Since the similar geographical location images
havelocal similarity, eachpicturecanbeclassifiedaccording
toitsactualphysical location, thatis,theimagesofacertain
lengthinterval areclassifiedintothesameclass.
After completing the classification, use AlexNet [9]

themulti-modal indoor positioning algorithmusedin this
paper, thatis, thepositioningerrorcurvecombinedwiththe
magneticfieldandtheimage; thegreenthickdottedlineis
thepositioning error curveof theWiFi positioningmode,
andthepositioningisperformedusingtheWiFi fingerprintto performsupervisedlearning classification modeling on

the image for regional scoping in the online positioning
stage. Compared with someof the later models, such as
GoogLeNet [10], AlexNet hasarelatively shallownetwork
structure,butit canalsoextractmorefeatures. Forthesmall
amountofdatainthisarticle, usingtheAlexNet model will
havebetter accuracyandefficiency.
Ascanbeseenfromthebasicstructurediagram,AlexNet

consists of eight layers of structure, including five con-
volutional layers and three fully connected layers. Each
convolutional layer containsanexcitationfunction(RELU)
andalocal responsenormalizationprocessinglayer (LRN),
which is processedby downsampling (alsocalledpooling
layer, whichisnot includedin conv3andconv4) toreduce
theamount of computation. And datadimensions. Among

informationin thetest data; Thethincolor dashedlineis
theimagemodepositioningerrorcurve, andtheimagedata
iscombinedwithfeatureextractionfor positioning.

them, the LRN(Local ResponseNormalization) layer is a
special calculationlayer inAlexNet, whichperforms local
areanormalizationontheinput data, andthefunctionisto
smooththeoutput result of thecurrent layer, thereby im-

Inpractical applications,thefirstinputlayeris227x 227
x 3, insteadof 224x 224 x 3intheoriginal network, the

(4)
Figurerrorefu

3
nc
.Gtion

uilinIntelligent Industrial Parktest cumulativeprobability

This sceneis mainly basedonthecorridor area. Some
of the test results based on the image information can
alsoobtainbetterpositioningresults, but theratioof errors

K,y=<4, (fc+ (al,y)2)P
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provingtheprecision. Thecalculationformulaisasshown:

thereal-timesignal strengthandthesignal strengthdistance
inthefingerprint database. TheEuclideandistanceis:

(2)D j =
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greater than 2 meters is significantly higher than that of

WiFi fingerprint methodis lessthan2 meters. In general,

positioning method fully combinedthe advantages of the

positioningerror.

businessactivities, monitoring, logistics, etc.Manyscholars

of Wi-Fi, Wi-Fi positioning focuses on indoor roomand

in more comon situations. There arealso many studies

localizationismostlybasedonpresetimagetags, usingthe

geometry for point location, but it is necessary to place

locations, and it is limited by the viewing angle of the

user. Thefusionstrategyproposedinthispaperistodivide

real-time positioning through weighted fusion positioning

of small number of WiFi APs. The positioning algorithm

production, butit still needsimprovementinseveralaspects:

indicators for evaluatingpositioning performance, andthe

area, whichincreasesthetimeoverhead. (2) Whentheuser

for image shake. However, in the case of low real-time

inthispaperhasahigherpractical significance.

themulti-modal method. Thepositioningerrorbasedonthe
compared with the other two methods, the multi-modal

signal, andhelpstonarrowingtherangeandobtainasmall

VI. Concl usio n and Fut ur e wor ks

Indoor positioninghasalwaysbeenimportant for indoor

have studiedWi-Fi positioning, but dueto theinstability

areapositioning, andit isdifficult tocoordinatepositioning

thatuseWiFi andimagesforpointlocation, buttheirimage

image projection in the camera and its prestored spatial

image tags that are clearly identifiable in a plurality of

viewingangleandiseasytocausevisual interferencetothe

theexistingareaby image, andthenuseWiFi toperform

algorithm, whichrealizesaccuratepointlocationinthecase

has considerable practical application value for industrial

(1) For realtimeperformance, it isoftenusedasoneofthe

AlexNet imagetrainingisusedtoobtaintheclassification

makes afast move, the image matching accuracy is low

requirementsandsmoothmovement,thealgorithmproposed
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