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Abstract: Incorpo-a.ng hencd gesl_re ecognition in h_mra-=mrobol ntersclic has te petentia .o
P"(wi(:n a caturel w ay ot corrrn ricetior, thus ((:l‘fr:hufng to a ore <ln’d collaboraZion tow ard
optim’'zing = ¢ cfficiency of the applicazion at hand and overcoming possible chalengss. A very
promis’ng o d of interest is agricu ture, ow ng 1o 'ts (:on"PI(.‘x and cynomic enviconments. ‘e
aim o~ 21is stucy was twotold: {a) <¢ ¢evelop a real-tine skeleto--based ~ecogrizion system for Ave
hend gestures using a dep .1 carre a and machine ezri-g, ard (b) lo endb ¢ a real-Ume humar=
rcbotinteractios framework and testULin o (fere- | scenarios. Fo- Lbis pupose, s’ x mechine lcamng
JdeseMieos were es.ed, while The Robol Operaling Sys. .o (ROS) sellwere v as clitized (or “lansatizg”
the ger’ores into Lve commarde Lo be execolzd Ly the rebe.. Lucthermoe, e developed syslem
wae eaccessfully Lestad i outdoor axpezimerlel sassions thal iacluded eil-er 0ae or Lwo dersons. 0
Lhe Jesl cesa, the robol, basec on Ihe recognizec ges ure, cocld dislinguish whiex of Lhe two workers
requized halp, fodow ke “locked” persor, sloo, reluzn Lo a Largel Jocalio:, or “untock” them. For ke
sak.c cl9alely, the rolzol neviga.ec weth a prese. sccially accesled speed while Leeping a sefe disltance
in al. Laleraclions.

Keywords: skeleton-based zecoenition; machine catring, nonverbal conrmurication; himar—
rohot ‘nkeract on

1. Introduction

Toward render’rg zgriculturzl nractices more targeted, efficiert, profitab e, end safe,
~chotic systems seem = be o garie Changer, con‘i‘ribuﬂl‘g alse to eet the ch;lllcngcg of
.2ckol cr:zlilied labor |- 2]. To achieva Lhe a oremen.ionec goals, agri-roboli~ applicaliors
c-e toking advantege of the remerkable scclrologice” e¢ver cemert of information anc
commuicaliors lechnolegy (ICT), including arlilic’z” intelligence, sensors, ancl compuler
vision [3,4]. Rototic sclutions have found fortile gzound in e number of agricu.zural ap
plicaliors, such as harvasting, spraying, ¢isease ceecl’on, and weecng [5,6]. T=ually,
rchots can cariy out programmeoed actions criven oy restricted, tass-sacciflc, and ronin-
leraclive commands [7]. Thase prearranged aclions car work sullicienlly (or struaclarec
environmens, such as indusial stable settr.gs. Llowever, agriculmure involves dynzmic
M-definec ecosystens, whic ase vulneradbla 2o heterogeneity znd Lnloreseeable situatiors,
as we.l as involve sonsi.ive live produce [#]. As a means ol zddressicg Lhese challenges, Lthe
collztoralion of humans an¢ robo’s cons’ilu os promisirg solulion [Frough combining
the cognitive hurer capab?ities with Zae reneatable accuracy and strer gth of »onots. The
50 colled Fuman=robot interact e (HIRD) inthe a g"gu]l‘uml sector is 21||+ici|)a+(,‘('| to pr;)vidc
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(2) more [lexibi v ‘n svslem reconliguralion, {b) wor<space min‘mizaion, (c) oplimizalion
of bo service quality and production, ind {d) rapid capital depreciation [9=111.

HRI can »e brielly delined as “ihé procesz ihal conveys the huran overalors” nlention
anil interprets the busk descriptions inte a sequence of robot imetiviwe corplyirg wiih the robok
capabilivies und ihe working requirerients” |12 . Theinlerzclion ol humans wilh cormpulers,
7. general, which zelics on conventiconal devices sach as seyboards, conputer niice, and.
“emole ~orlrols, iends nol 1o serve 2ry vore. This is mzirly due 1o the lacc o™ Cexibilily
and neutrallty 13,_4[ .r the directior. of ootimizng the emerging syr.crgistic ccosystems,
more ralural weys of communicilon are needed such as vocal inleraction and body
.an-g> 2e. I'ae former approact. is particalarly restricted by noisy envizonments and the
C |-f<,r(,n'|' wiays i whicl someore i ay proaounce -h¢ same command |1 3] T cont- ast,
nonversal commuricelion is regarded ¢s rhore reliable. Body larguage is 2 concise term (or
samarizing bocy poses, Tacel emoiions, and band gestures, The mos? efCcTert megns of
ral.ral expression ‘hal averyone is [zmiliar wil is he hand geslure in‘eracl’on. A wide
rzngc ot applications have taken place in LIRL systerns, including virtual mousc conacl [16],
ganing loclrclogy for enhancing motor skills |7 7], sign lang aage recogrition |7 8], anc
human=vchicle interac:zion |19].

The main np';:roa('hcs of har¢ gostare recognition “rclude the ac(|uircmon+ of data

‘rom e'ther glove-‘ (—*:luipp(-*d with sensors [211 21] or vision ¢ensove []“,A_j Moreover

nl m.iscles procluced chmn6 eir mrl“zcnms [13,21]- numr*nrmng I.he main d awbacLs ol
the above methoc ologi;:b, (gl) gl;)\,vcs tend to limi= th 2 natu ral movements ane may pro\vokc
zcverze skir reacliors i pecle having sensil’ve gkins, while ‘he vz-izble sizes 2mong
LSCr5 can cause ciscomrfort, as stressed in [127, (k) visien sensors face difficaltics in cese of
cornplex backgrouncs, mulliple people, e d cCherges of illuaminetion [15], and (<) surla e
clectrony ography wsvelly creates massive arnd noisy dazasets [23], wheeo cen imflucnce the
inlrinsic fealures of classificalior prob’ems 25].

l'ccusing on vision scrsors, ditferent algerithms end meth.odologics have been de-
fealares, such as skin color [26], mo-

velopad lor Lhe purpose of delecling, (||['_ul(.n‘,h‘ Né
tion [27], ske cton (28], erc. dopth. [29]. as well as their combinations. 1he main protlem
taa tae skin color approach Irvooves is taat the background can present clements which
may malch [he color of Ihe skin: Ihereflore, di’ferent ‘achniquies have been suggested lo
wieet this chal.enge [50,31]. Concerning otior. pased recogietion, dynemic sackgrovaids
of possible occlusior in (1ol o7 ke Iracked hand can ca.se so~ e lssues [27,32].

In order te meet tac above cha.lenges, cepth. camcras are utilized et can additionally
zocuine highe-resolution deoik measurerients, unl’<e RCB (red=grmeen—Llae) careras thal
saow only a projection. Consequently, crore detailes information can be orovided, since
every oixel ¢l the irage consis’s ol o™ color ard distince vatues [33]. Tn combinai’on wilh
depth mezscremen’s, and in tre direction 07 improving complex feature cetection, skeleton
“ratures of “he Tard can he exploited. In essence, skeliton hased recogrition makes nse
ol geomelric poinls and slalisl:c lealures, ircluding spzce be.ween Lae ‘cinls, a.ong wilh
joint location, orientation, cu-vature, 2rd ‘mg]c [15]. A Tepresentitive stu dy st of ¢
Smedl el al. [34], who cleszilied hand geslures wilk Lae supporl veclor machine (5VM)
c.cozithm wsing a skelezal and depth detasct. Lurtacomore, Chen et al, [353], using data
oz Kinecl sessor for zccuisilion and segimentzlio: znd the skelelon-bz~ed melhodo ogy,
auplemesited an SVM algozithar anc also o hidden Markov wode. (CIMM) for classitying
hand geslures. Xi el 2l. [36] sugeesiad a recursive conagled corponenl algor:iar and a
Laree-cdlimensioral {3D) geocesic distance ol Lhe hand ske.elon pixels lor veal-lime hanz
gestu-e track'ng. T.asdy, deep neural netwerks (DNNs) were wsed by Tang ¢t 2l [3Y],
Mujanid el 2. 35, Agrawa. el al. |3Y], Niloy e al. [40], and Devineau el . 41] 1o learmn
“catwres frow: Hanc gesture mages, More information about hand gesture recognition
based or machire learnizg (MT.) and co"puler vision can be seen in recerl review sindies
sach. as [13,40=45",
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As lar 25 lhe incorpora.ion ol hanc geslure recogrilion in agricullura. human—robol
€0 aborative systems is corcerned, the lite-ature is sti | scarce. A part of the study pre
sented by Veeconez el al. [1647] invesligaled Lhis nonverbal 1eans of communicaior in
corjunction with o faster region basced cenvolutional revrel aciwork (R CNND intencec.
orirprovirg he process ol avocaco bFerveslirg in asimulaled workspace. T particular,
a1 [£A], a Tobot could detecs the workers azd judge if they recuirec assistance in one of the
‘ollowing ways; delection o”hand geslies, flag deleclion, anc hurzn zclivily recogniion.
Mozeover, Zharg ctal. [48] sTudicd a virtual assembly system zegarding a hzrvester that
was zble Lo recognive (|yn:uni(' nard peslures ru'.yiny, or a CNIN/TSTN (long shorl=erm
memorv) network.

Tn;ing into 2ccount the ;-;rcz’t no-ertial o= nsi 1g]m|‘:] pUsTL 0 rc;‘ognifion fo-cenharci

&
Lae eliciency ol agric...ural ~ollasoralive syslems [),10,49], as we.l as (or achieving (L c
eand sale interaction [20], e scoze of e presen? study was Lo areale a robust innovalive
paradigm. Nore spacifically, il was zimed 27 developing zr inlegraled aulonra’ed cem-
municeton Tamework between an unmanncc, groand vekicle (UGV) ard the worker via
Fand gestu e recognilion such fhat the former “col”abo -ator” assists Tumers wheatbey
sequire ity aclp. Morcover, it foctsed on bedting this svnergigtic occosydtem in dif‘ezent
scearios inan orcharcé. This stud y is zn extension of Eae pepers rcccl'lfly |)||',')|i$||c(: on T'RT
that ‘necludes a worker and a UGV for optimizing crop harvesting [51=53]. In particular,
tais voclicotion is vased on the syndirorizotion of the act’ous of the LCV ennd workers,
wiln the UGY ‘o ow'rg _he workers while harvesi’ng and unde:r.ak’ng _he [ransporl ol
crates from “he Farvesting site to o cargo vehic.e In [o1], the h(:igl‘.l: of the ~onot d cposit
heighl was eva.uaed in Lhe [ramework ol o cupalicaal hez Ly prolensis, while, in [52,52
weirehle sensors were used for the identficedon o humer. activity signaturcs. We now
edc real-lime bard gesture recognilior Lo [Fis sylabus lor b e sake of op it izic g raluasal
comrunication. eud sefety by combining depzh videos avd sseleton based recognition. 1t s
thefirsl lime, 21 Teasl 10 at'hors” knowledge, Thal such asys’em is veriflied i enocc=erd ancd
not ir. a sitaulztec environment | <6—48|, proving “hat I7is able <o face the atoremertioncee
chaenges relacd le visior sen=ors ané ouldoor sellings.

I've rerainder of _he presenl pape- is slruc.ured as follows: Seclion 2 is divided inlo
two main subscctions, 1he firs: onc cescribes the developed Tamework Zor ackicving
aulomzlic hend gesture recogni.ion a’ong wilh Ihe dala acquisilion process and in’ormalion
choutthe ML appzoacl. 1ae sceonc subsecton cladorates ontoe mrethodology regarding
lhe “Iznslalior” of The auloma ec hand geslure recogilier inlo pracl:ca’ commands 1o be
execited by a UGV in difterent outdoor instar.ces. Sukscquently, the 1esults are preseniec
i Section 3 regarding the performance of 11
kand gostures (Seczion 3.1}, as well as the cfficier.cy of the sroposed svstem. ir. difezent
s maiions (Seclio 2.2). Taslly, ir Scclior -, corducing rerarks are drann in (ancem win
¢ discussior in a broader context along with fute-e “esearch cirections.

arired MTalgcrchms for capluring the

2. Malerials and Melhods
2.1. Mund Gesture Recegnition
2.1.7. Dala Acquisil’on

Lhe data acquisition process is e essential clement in ordes to propeely train an ML
2 gosilbm. Tn The preseni 2ludy, the dalz accuisil’on was parformed using a ZFD 2 éeplh
camcra (Stereolabs Irc., San I'zancisco, CA, LSA) slaced at @ tixed keight of 88 ¢ ona
UGV {Thorva'¢, SACA Robotics SA, Oslo, Norway), Five serticpents were invelved in the
presen acquisition el dala on bolk sunay and <loudy dzys zL dilfe enl siles ol an crcharc
with Prstucio oz coees inthe zegion o "Thessaly, . certral Creece. Additionally, the distance
belween [he participanl 2ré The carera wes changed in favor of increasing variabilily.
Cencerring the speed of the tracking, it was sct equa. to 6C £25, while e focas was oz the
ol hard. The predelined hard goslures, waich 2re dedicled in Figure Ta=e, 2re commonly

V7

snowr. as “fist”, “okay”, “victory”, “f.at”, and “rock”.
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Figure 1. ] nages o= e i‘lv(f.?'gar:‘.d haad gestures: (@) “t577, (b "()kzay”, (¢) “victory”, () “Hat”, end

(&) “ro- .

For (e purpose o idenlilying the posit’on ¢l hards, the MecizP'pe [ramework wes
‘mplemenzec [54], similar.y to mecen? stacies such as [55-57]. MediaPise is an ooen-source
“ramowork created 'l)y C(m(st]u that o fors varicus N, solutions for o'bj(‘,(‘t detoction and
lracking. Ar. algorithm wzs develcoec. using Pvihon thal implements inis [ranrework [or
gesture recogrition, by us g the holistic so’wtion including the Fand detectio (For te “eft
hand) and excluding -he [ace deleclion. As described i [53], & model regading the palm
detoction works on the cutire Luege vud returs ar oriented e arvding Zzemc of the hend, A
model of nand lzndrarks then works en the cropped picli..we end relur== 3D keyaoinls via
& regression process. zach of the identiZed .ancmarks has distinct rela’five x, y coordinates
to “he picture frame. Consequenly, the recu remaent for date augirentetion, including
Lranslalion and rolalion, is zemarkably redi.ced, while Lae srevious Lrame car. be used in
case themodel cernct idenify the hand so as to re-localive it. Moreover, the MeciaPipe
model “ earns” & consislent hand »ose represenalion and lurns oul Lo ba roousl ever Lo
scelf occlugions and partially visible Lands, Lessly, the developed a.gor.tiui computes the
Fuclidizn dis.ance belween 211 he iZerlified “andmarks zlong wilh shoulder and elbow
engles, The aforer entioned angles refer to the body side thee correspor ds to the trockee
hand. In Figure 2, the aleremantionead landmaks are cepiclec pariaining Lo the exeminec
hanc. gestures, with che images taken in the lehoratory for the sake of better ¢isdinguishing
the Tad vzrks.

Lzc datasct, which was used for Taning, consisted of 4329 1ows areatec. from Zmages
taken from (ke RGB-D camera in The erched. Fach row 07 the dalzse” “epreserits “he
generated landmarks from the MedizPipe herc algoritam tor each video frame. On *he
otharhand, each colurnr (ex-ept the last threey) indicetes tae Tine'diaa distance between
lwo landmarks Lo lhe given Lrame. L7e last "hree columns represecl Lhe skoulder ang.e,
the elbow anglc, and =he class, rcspccti\«'c'llyx As mentoned above, the celculat on of “he
Fuelidizn distance and angles was carried oul by Lhe developed algorithm, while “he
classificetion of the hanc gesture wes perzormed marually for cach case.
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Figure 2. Irocked ~and landmartks de~otec by dots tor the gestares: (a) “Rist”, (b) “ok”, (c) “vietery”,
(d) “Flat”, a~d (e) “rock”.

In goncml, wlen using an NI, ;llgor:l'hm, it "« of central ’l"’lporf;il‘cc to Frain it by
c.ilf7irg e dalzsel wilh anoul the same numbe- of sarples lo- each class. In this anzlysis,
sinee the participants carried out the five pzesct hand gestures in the same dme 2eriod,
1e classes resulled inapproximalely Ike same number ol inslances and, consequenly, in

Balanced classes, as depicted - ligure 3

1000

&00

- &0
=]
il

400 1

200 =

0=

3 z 1 4 d

Class

Figure 3. Ber cher. showing courls of each class; labels O=t correspond 1o “list” (0), “fla’” (1),

“okay” (25, “rodk” (3), and. “vidiory” (4) hend geslures.

2.1.2. Naia Praprocessing,

Duc -0 zhe type of zhe ageregazec data, ocly two presrocessing actions wwere requited.
The Jirsl was the oversamplire procedure tising The SMOTE algorithm [59] for The Scikii-
«eatn library [50]. It tegards a Pyzhon module incoraotating a variety of ML zlgorithms for
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bolh superv:sec and unsuperv:sec prob.ems. The second preprocessing 2 ~lion deal.win
deto normalization in which a min=max scale~ was used 1 the same Iib";)ry.

2.1.3. Machine Learning Algort~ms ~ested to- Classification Prediccive Modeling
Classifici:tion commonrly refers 10 problems aiming at recogrition and grouping of

objecis zrd cata into oreset cazegories. T2 algorithme, which are usec as classitiers in M7,

nake Lse of luput roining date Juorcer te predict te probekility that <he dam fell into one

ol the prede.errined c.asses. Lhera are a plelaora ol classiliza.ion z.gorithms availab.e in

the Leeroture [5)=037, l the present analysis, che follewing olgorizhirs were used:

o Togislic regrassion (T.X): Anrlied lo eslimale discre.a values from a sel of indepen-
cent vatiobles for predicing the likelnood of om event through. fittng dato. to o
logil [.r~Lion;

e  Llinear discriminan: zrzlysis (LDA): A technique waose oblecive is to nroject the
featunes of 2 Liglher-dinensionzl soase onlo alower oae will e indenlicn o aveicing
c‘mensior 2| cosls;

e K ncarest acighoor (KN NY: A pattern recognizior. algoritlun, alich utilizes treining
calasels so as o find cul e closestrelalives in [ilure samples;

e Classification and regzession trees (CARL): A tree-kEased model relying on a set of
“il-alse” corcilions;

e  Naive Bayes: A probabilistc classificr, which assumes that the existence of a spedific
fezbure in a class is ‘rdependent of the ex’sten-e o7 2ny other feature;

e support vector machine (SYM): A mrethodology in waich raew deca zre plotted s
poirts in en #=dimessioni space (7 represents (be rumer of ealures). Subsecy enlly,
eacq feature’s value is tied to e spedific coordinate so as Lo enas.e data classification.

7.7. Real-Tivue Hurian—=Robo inleraction Based on Hiand Cosinre Reconilion

In this subsection, tae oretaodology pipeline regzrding the implementation of zhe
culormi’ed hand gestuie recognil’en s desaribed as a means of c¢hieving rohusl HRT
T different cases. In o-fef, a UGV can detect tae ‘wotker “equiring assizzance and lock
onto ~hem (“Ist7 gesture). Once e persor has been Jocked 220, they are the orly
eathorized worker who can collaborzle wilh the UGV bv using one o. Lhe olher lour
commands/gestures, thus minimizing oterts safety concerrs [6]. Subsequertly, or the
basis ol Lhe ce.ecled hand geslure, Lhe (. (V can (a) unlocx lhe selecled worker (“okay”
gesluec), (b) fellow Lhe aulborized worser corsicering a safce cis.anee (“vic.ory” aeslezc),
() slop the currert action (“Tal” geslure), or (¢) eclurn (0 a predetermined lzrge” localion
(“rock” gestare). Thi¢ location can ke & cargo vekisle similarly to [=6¢] or any otqer site of
the fie' ¢ ;:('('Jr(fing to Fhe .1|):)|'|('(|+io|" at hwenc. The Fve zvailable ;;(‘s.hlr(‘s tha= ('(»rr('sp(u'ui
Lo ¢ single class andl 2 unique aclior. .0 e execuled bv Lhe UGV are summarized in lzble 1.

‘Table L Summary of <h1e cxan’ned hend gestures along with the corresoonding clesses and ections
5 g : :

Lo be execu.ed by e TGV

Recognized Hand Geslute Cortes poncing Class LGV Aclion
“Tist” 0 Locx
“Tla.” 1 Slop
"Qkay” ? Unock
“Ikoek” 3 Rotarn ke the -argerlocation
“Vistory” 4 I'ol ow

l'he implemented UGV was equippec., apart Liom the RG:3-D camera reeded Loz
gestu e recognition, with several sensors e facilitete the present agricul=nral aoplicat’on.
In »narlicular, a 51 laser s~anner (Velodyne lidar Inc, Sar Jose, CA, LL5A) was usec
T. crder to scar the surrovrcing cnviconmen® and geacrate a two-ciaensional map,
zr¢é an RTK GPS (5650 GNSS Receiver, Slonex Tae., Concord, NH, USA) and iner(’al
mezsutemert unizs (RSX-LM7 IMU, RedShitt Labs, Studfield, Victoria, Australic) were
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used ‘or a-oviding inlermalion zbo.i. velociy, posilion’ng ol the UGY (wilh lalilude
ard |0|"gitL.' de coorcry tcs:, and time towy ~d Up‘l‘illldl ~obot local’7atior, na vigufior', ange
obslacle avoidance. To cope wi.h .he currenl requirements in compulalional power, a.l
the visua. orienccc operations were orchostritec 2y o Jetson ZX2 Module [94] witz CLDA
suppor’. In Figure 1, Ihe TRV pla.lorm used in Lthe preserl sludy ‘s depicled equippec
witlh. the niccessary sensoers.

Figurc 4, The robolic syslem cesedin e [present .1na|ysis ccuippcd Wi ke rcquil'cc SCNS5OTS.

I'he selection of the ckove sensors was made on the 2zsis of the capability foz Robot
Opecriting Systera (ROS) witegration [65], which Is wx oper. source Zramework related to
M UlN)I i( (JI,‘[).IA(HIA()II.‘\ al l(] : (‘ll.‘vl,i I.IJ l e~ dll errer g illg r['rl l[leV‘J()l"k ill Vel | Ols rid‘l(]h/ ’ I (,.I l,l(] | | Ia
agriculure 66,671 When recontigazing a rokbot, dee implemented sottviaze sheuld e mod
ularané capable of be'ng zézpled 1o =pw conligura’ions withoul requiring recorpilalion of
the zobo?’s code. Leward that dizecsion, ROS was sclected to be the sottwarce of the presert
study. ATl processes raming on TGV ame registered Lo Lthe same master ROS, ~onsiiluling
r.odes witain the same network 63, "Lhe ROS ramework was z.30 wsed to navigate the
UCV 1 theorchard. The ecenrate nosition vwas provided by the onboard RTK-GN'SS system.
In Figure 5, the operatior tlow of the developed system is presented. In brief, 25 an input,
viceo Trames from. 72 depth conera are used. Lhie image data are theo transfersed Zuer an
ROS lopic Lo ar. ROS rodle Lhal extracls the RGE channels (rem Lhe [rzme a.or.g wilh ‘he
dcp‘th values “rom cach f=anme. As a neat s%Cp, the MediaPioe a'lg;y“itlun node incorporates
L1e RGB channels (or exlrac.ing a.l the essencial landmarks Lo (eec in.0 ‘he developec
ML algozithm for gestare recognition, In addition, in conjunciior. vwith the previous step,
11e RGB image dzla zraimporled viaa opicio a node 2ssocialed willk human ce.eclion.

‘Lo that cend, the pretrained YOLO v3 model was used with tae COCO dataset [¢9]. Lo

corrnuricale wilh The resl of The sysler, an ROS nede wea developed Thal recuires 2
er. Inoul .opic Lhe RGB irage ol Lhe deplh camrera. Ihe oul>u. ol Lhis node is a lopic
with a custorr message that congists of the relative coordinites of the bounding box of the
idenlilied serson and e dislznce selween Lthe UGV and ke collzboraling persor.
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Figure 5. Ooeration Hlow of the develoned syseem.

Tn e '!;usl',,. < rocogni'rion |"o(5.u, sin’li].lrly to hhuman rc;‘ogniﬁon, the il‘pu+ 1'o|,\'c consists
ol Lhe RGB imzge. 'Ihe geslira racogrilion node implamen.s Lhe Medialipe algoritam
end oredicts the Tand gestures, " Tie output topic constituees, ' orectice, the probability of
e idenlified gesluare. Once a geslure is deeclec and published, ke [RI node -elales il
with the identificd person avd publishes an ROS tune frome (€) between the robot aze the
persor using a cislincl ROS aode.

Lhe tepuklisher /suosariocer is @ teol orovided by the R0OS framework Znat <eeps the
salalionskip among ~oordinale [ramcs 71 a Lree struclure, allowing the user o lrerslorm
vectors, poin’s, and s0 01, ‘The tree strucure emables dynamic cranges to this structure
sequiniag o eeditiorel iriotmation, apart Zrom. the directed goepl edge. Ju case anedge
‘s published 10 a noda re’eren-ing a separale parenl noce, .he lree is going 1o reso ve Lo
tac new pareut node. The main puzososce of this tool is to create a local coordinate sy ster
‘rom Lhe robol ang ils surrourdirg environmenl. Tn mos: cases, the “0, 0” poinl of each
.ocal coordinagon system is cither the first registered »oins o7 the oacrational crvizorment
curing the mapping procedure or tha cenler of the robal. Th mora complox enlil’es (lar
examo.c, the UGVs), the ertity consists of mutiple t2 publishers (one Zor cack. cistrict art).
For e scope: of This sludy, Theturzre enlilies consisl o7 one IT publisher. Furthen delzils
cboutthe o ‘Erary can be found in [7C].

The mean scope of The HRI node s o conlrol Ihe TGV behavior. On the hasis of
he identitied Fend gesiure (class), sammarized in lable L, the a.gorizhm pertorms he
:o'l'lowing stops:

e Waits until the identitied Devson perforrrs a gesiure. When the gesture is registerad,

Fae t publisher is ritalized (245 0). 0~ cach iderE=iee himan, o nniq e identificer

(ID; is assigred. When one ol lle idenlilled persons perlorms Lthe lock geslire, the

LIRL node is octiveced. Vinally, the person wlio petfermed the Jock gesture has the

reri-tc ¢catrol the UGN ard collano=“zte with it. In ord¢r For a parson wi-ha ciferet

ID to be able to conTol t2¢ LGY, the “anlock” comznd mtst ke daoteceed;

“Unlocks” (¢ person and removes the [ l_)ub]ib]lCl' lC]'dSb 'l),'

Enablesa U tollowing sequence anc. ebslacle zvoidance. Lre LGY meves auloromously

ir the Feld while keeping & predefined safe dismance. This must He greater thare or

equal 1o 0.9 n, simi.arly lo [46], in order Lo be wilhin Lhe so-called so~ial ac-enlable

coe (class 2);
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e Disables(~e [ lollowing sequence, a¢l doas no. “unlok” Lhe persor (c.2ss 3):
e Navigates *the LGV to a specific predefired ocation (closs 4).

Inorcer ‘or Jne LGV o success'ul v <eep a =a’e dislance and velocily [rom (ke “deanli-
fied people cud possible obstacles, the ooen souazce package “ROS Navigazion Stack” [71,72]
was used similarly Lo previous studies [67,72]. An ROS rocde creales a Li publisher [rom
tac robct for she icentidied obstacles and .ocked person and, according te *he s valucs,
i velocily conlroler keeps a sale disiance. This package prerequires thel Ue TGV rues
RO5, aas & tf transform xee, and puslishes sersor date by utilizing the sighs ROS messege
ly pes [71].

3. Results

This sectior 2laborates on the resa' = (btained from the six MT. :)'gori"hms ut sec
“ived for festing scep by step the e-ficiency of this nonversal conmumication in real “ele
condilions for 1 ee dilfe-anl scenarios.

3.1 Comwyrison of the Muchrne Teprring Algurittons Devforviaace for Clossdcatior of fhe
Hand Testures

(()I'I'I‘IISH)II "'i‘.l’l'l(‘l"s' f'()ll";l’l‘hl"’[' d lISl‘r.]] a 'l(] })()[)IQIZ?I' niedast. ¢ {A)I' [“/r‘llllifl’lll); Elll(] A
sualizing Lha perlormance o. N.L algorithms while solving bola birery erd mulliclass
clagsi=ication wroblems by comparing the actnal valiies against those predicted by “he
ML meodel. In particulzr, a conusion malrix cer be zr N x N malrix, wkere N slands
Jor the number of classes. In tac 2resent analysis, N was ¢qual to the examined hanc.
geslires, ie., live, as depicled i Figura ¢, waile the correspoadence o7 11e numboer ol
classes with the hand gesture is presented inlzble 1. 1The confusion matrices derivea
usite e six MT, 2 gorithms, nameXy 7., TDA, KNN, CART, NI, and SVV, are presan’od
. Figare ca, respectively. ‘Lhe diagone. cells saow the nuamber of hand gesmures that
were correctly classificd, whereas the off d'i.,tgond] cel's sk ow =he number of i sclessiFiee
geslures. lligher diagone. values in Fgure 6 indiczie a beller performance ol Li-e corre-
spenc.ug elgorithon Overa.., the woss proble.ratic hand gestures were the “rock” (label 5)
end “viclory” (label 1), esnecia’y for TR, [ DA, CART, and SVM algorithms.

I'he ¢ ossificetion renort depicted i Takle 2 sumevarizes the indivicaal perfornerce
moelvics loreach M1 algoritkm. [n simple Lerms, these melrics ‘rd’cale .he presortion el,
(a) truc results among the entire number of esamined cases (aceuracy), (b) the srecictec.
valaes Ihal Laaed oul 1o be trcly posilive (poecision), aidd (o) zclual posilives Lthal Lnrnec
out <o be correetly predicted (secall). Lastwy, the I'1-score combines the precisior. and recall
1)_y corsidering (heir harmonic mean. As can be dednced from Tanie 2, KNN, T.DA, anc
SVM seemirgly octoerformed the other investigated zlgorithms, wrile the NB algorizhm
gave the worst resulks,

LasLly, Figure 7 depizls Lhe box p.cl3s per.aining Lo the zecuracy ol Lae invesligalec,
classifiers psa reans of of'fcri"\g o visual SUNMNIATY of the dats rc'g;)"ding the identificat on
ol lke mid-poinL o’ .he dza (the orange line), as well as Lhe skewness and dispersion ol
tac datasct. As an cxamp.c, I tae median is closer to the botzom oz to tac top of tac bos,
(e distribution tends 10 be skewed. Tn cort-asl, il The median is in the m’édle of "he box,
end the length of 2ae whickers *s approximately the same on bot~ sides, the dist-ibution ‘s
symmetric. Tastly, the in“erquartile range (TQR), i.c., the range of the boy, incluces 300 of
lhe velues: Laus, a lorger »ox indica.es more dispercad dzLe.
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Figure 6, Conlusion mmalvices sowing loe pecformance ol (a) LR, (b) LDA, (¢) KN, (4, CART,
(¢) X, a=d (£) SYM algotithms. _abels i~ cosrespond o “fst” (0), “fet” (1), “okay” (2}, “tock” (3),
a-d “viclory” (£) hanc. ges .ures.

Table 2. Class Heator report tor the p(x'rr"()rma"l((\. ot tae siy 'invnsrignf(sd nachnc (!nmir.;; n’;;m'ihm;;.

Algorithm Accuracy Precision Recall F1-Score
I R 0.831 0.7/1 0.750 0.727
LA 0.875 0.817 &0 0.811
KNN 0.275 0.839 0.321 0.820
CAKI 0.200 0.703 0./23 013
NB 0./53 0.0572 0.6.% 0.088
SVIM 0._/2 0.829 0820 0.81Y

Corcervrg ke aresenl analysis, Lhe NB ~lassilier appeared .o se nos'Lively s<ewed,
while outliers were also oascrved (plotted zs circ.es beyord cace whiskers) for fais casc.
Tocusirg on The KNN, TDA, eré¢ SVN, whick deronslialed The besl performance, The
obtainci acceracy vaues had about the same median ane wete nocsy-metrical, spreacig
cut noze on tae upper side. Morcover, KN N and LDA Lad aoproaiaritely the same zurge
ol dala, ‘arger as compared lo lhe corresnonding ~ange ol SVAT. T.as 1y, 1e dispersion ol
accuracy values wis the seme for the aforementioned shree algorithos, s car 2e deducec
‘rom Lkeir 1QR values.
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3.7. Demnivetvatiom of tHhe Peoposed S putem in Differrant Scenrior

For catety purposes, 2 step-bv-sten approach wag ne-“ormed. We initizllv *ested the
cfticacy o7 the proposcc. frazework 10 a case where only one person caisted iv the same
woring arviroarmenlw:La tha UCV. The laller was <l in a soe-ilic [atm .oczl'on wail‘ng,
to locx its “collasorator”, in case the “fist” gesture vras detectec.. "laking into acec unt the
2bove results concerni g “ae nerformengce of o invc;el'igdi'cd MT. Elgoriﬂl;)":‘ in p:‘gxflid":ng
Lthe (ve hand goslures, oniy the KNN algorithm was asce lor Lrevily. 12e LGY wzs able lo
:"cspond 1o all “ e commands gi\’cn via the hand gestures (I'u;,)]c 1), recorded l)\/ “he RGH-1D
camera and recognizec by the proposed Framework. The face that the UGY eborzed its
crrrrenttask whoeneue - the “flar” gestire wag rccogl‘i/c(f is very immortantk considcring -hat
¢ possib.e lailure lo comply wilh Lhis commeand car provoke hzrmiul consequences [ 0].
Lostly, o maxicoum, speec of 0.2 in/s onc a craximum. safe distonee of 0.9 m.[467, which
weare programmer in the deve orad model, were recesaary o erequisiles in all eccasions.

In the next experimentel sct, a sccond person was ceded in the working region
lo inves.igae how he propozec [rz1ewor< could cope wilk Ihis challenge. Tl can he
concluded tret, egain, the robot was ablc to eccurately “_ock” onto the sclected Daztcipant
insoieolihe oresence of The secone person white a’so obeying i e other four ~ommands.
Durirg this scenario, although. the LGV could obey cn.y the authorized person, it was able
to l'(E('()gI\T/(! ;’l[! .“(.‘('().1(; |><.‘r.‘,()|‘ il]'l[] < Vt)id ‘.'.1(! n .‘yillli.i‘ ‘Iy to '.1(5 ()'H‘(!r l!)\i"iHI'lg ()})%"‘(I( I[!‘.‘i ()F
[he orchard. Figure Sillustraies e czse where Ihe UGV was in _he “[ollowing” mode lor
tae locked pezsor in the case of a siugle person (Liguze 8a) or wacn bozh persons were in
e field o”view o” lhe RGB-D camera (Figuse &b). Figure 8 was generzled by RVIZ [74],
whick. is a 3D visualizadion too. tor the ROS soztwarc.
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(a) (k)

Figure 8. Visaalizetioa o the real-sine ficle experimests 'n ROS5 R\ 1Z environmens shcwirg <oc
Lloced orlhogoned coordinale syslzm. of coue peils of he TCV, as wel as the “lodowing” imode, ncase
ol (a) a singlec aczson anc. (b) a secord person avpeacing i ke [ele. of view of ihe RGB-D came:a.

Las.ly, the pronoscd synergistic HRI syslem was lesled in a more corplex scenario. In
this casc study, two versors were present i the seme workng space with the JGV. The Frst
pereon zsked Lo be locked orlo by Lae LGV (“lisl” ges.ure) (Figure Ya), and then requeslec.
to be foLowed (“victory” gesture) {Iigure 9b) before performing < stop conrand (“flat”
geslute) (Figu w2 9¢). Allerwarc, Lhe Tocked persor askec 1o be unlocked {(“okzy” geslure)
(igure 9d), A sceond persor in the ficld of view of e RGI D camiera askee to be lockee
onlo (Fig.ure 9e). By locking onlo he sacond person, [he LGV bllowed ke pz:Licipant
(ligurc 9f), and was then ordered te go to the targes sicc of the farx (Ligure 9g), where it
ervived aller navigaling # few rielers (Figure Oh) followir g The sel of geslures presenedc in
"Zable 1. Some indicazive images taken o the pilot study are showr. ir. Ligure 9a—a, wrile
2 vicec is also providec in ke Supplemenlary Ma'e«’z’5 (Video ST).

Figure 9. Coitl.
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Figurr 9. ;:'nnpsl‘ols from exae-imenlal ¢ cmoasiralio= sessio= in an o~chard dcpicli‘;; (a) the lock
ing onto o= the <irss person l:y the LCY, as well as the UGV “b) follow i"‘g oo locked ],»ur',::‘ipunr,
« '-.10])1)'113,.11:] (d)yun ;)('L‘ng (his p:n"fi('i[:.:ltL Nex(, the LGV (e) locked onto1ke secord _:).al'ff:‘i_)dnl,

() fo lowad ir, (g) was ordesad to go to the target locatior, 2nd (h) -cac~ed this ocaTon.

4. Discussion and Main Conclusions

In tae present study, & very cracial agpeet of LIRL wag investigated o mee: tae needs
of erebling natural communicaton. Tathis contoxt, we proposed 2 nonverbal in7e-acticn
via rcal-lime hand geslure recognilion cap.urcd by a depth camerz. [ als comEinalion
Ips 1The pu{cn1id] 10 QVETCOME COMMOIT Proo-Lm's ass0Cie wed with “FeminzUon changes
end complex backgrourds, srovicirg reliable resclts [13]. In the c:2cZion of additiona’y
"':1cing the cha’ Icngus o- dynamic agricnltural ¢nvironmerts, o s<cleton based recognit’ on
melhodology was des’gned on Lhe nasis ol M... The accuracy of cix M.. zlzori.hms (LR,
LDA, KNN, CARL N3, ond SVM) wos wested in. tais study on fve certain Fond gestazes
sepresenl rg cilleren’ actions Lhal the LGV, equipped w'lth an RGB-D camera 2rd o’her
sensors, could carry out on tae basis of tac detecied commands, Among the examinec.
classifiers, KNN, . A, ard SVN” demonsiralec the basl performance.

lirstly, the LGV mus: detecs tac assigned hand gestare to “lock” onto <he =crson
wilh whom i7i5 poing 10 colabora a in a relalively crowded environrent. To Lhalerc, a
cistines hand gesture is ased, waich zepreserts the Erst class of the ML implementation.
Orce the person is Torated, e UGV can pe-o-re four other actions ir order to zssist
e, namely, [ollowing i's collaboralor by keeping ‘he orece’ sale dislance and spead,
retuwang to e destivation size, whicl 1oy oe the cazgo vebicle zoae simdlarly to [46] oz
ey 0 her sile depending on Me applicalion, or s’opping, ils curten las<a’ ary lire, orce
the corzesponding band gesture is detected.

Tn summiacy, the oresonsinlegraec hané geslure recognilior framework incorsoralec
erc combined several kinds of ICL. In »articular, the data acquisition was serformes.
us'ng a 7ZTD 2 depth came -z (Stereolabs Tne., San “ranc’sco, CA, USA) mounted ona TGV
(Thorva.d, SAGA Roaodics SA, Oslo, Norway). ".'he open-source MedialPipe framew o7k [56]
was used for object detection and tracking in conjunction with an algorithm developedc
-or the present study. For the preprocessing ol the data, the SMOLE algorither. [57] wes
"rtlp'cnlcnfui. Turthermore, the UCV uised in this study wasg (,‘(]llip“:yL'(:l with a varicty of
sersereirc odirg (i) the ceplh camera menliened abeve, (ii) a 5D laser scanner (Velocyne
Lidar L=c., Sam Jese, CA, LSA), (iid) co. REIK G5 (5850 GNSS Roceiver, Storex L., Coneerd,
NI 1SA), and {iv) TMUs (UM7 IVIU, RedShill 1.abs, Siudiiald, Vietoria, Auslrz iz). To
cornbine these techrologics, an algorithm wis develooed within the ROS franwework
using Pylhon, whose operalicnal Mow is descr’bed in Figure h. Noreover, differant If
puslishezs were developed within the t- 205 package [70], while 2ac ROS ravigatior. stack
package [72] was used lor sale navigalion. To moe. (e increased requiremaens neccssiry
‘or L celection ML modle, a Jelson TX2 Module [64] with CIIDA supoorl was embeddec
n the rozotic platform.

Overall, _he chzllenge el properly ¢ zssilying Lhe [ive hard peslures was successliny
“ulfiled, wode the pre.auinary resets onreal conditions are encovraging cnough. In fact,
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[aree Cillerenl s~enarios ook nlace considering eilhes one o ‘wo persons. In all cases,
the KN N class fier sas used for the sake of o-cvity. 12 was cemonstrated that o Fluic TIRI
‘ragticu.lure can be successlul in sharing the szme work'r g space w'th Lthe roba. being
navigated within ¢ predetermined safe range of speed and cisznce.

Obvious’y, lowarc eslablishing a viable colulicn, ez aspec: ol HRT Zes'gn (e.3., hu-
nian tactozs, inserection ro.cs, wser interfece, anfomazion .evel, crd informetion shazing [107)
skeuld be lac<ed separalely, so as ‘o icenlify ard address pozasible issces. We IHied 10 add
Fuman comtort, naturalress, and the scase of tzust to the picture, walch are considercc
vary imoorlanlin HRTand have roesived Timiled allerUeon in agricalinre s far. Corforl
and trust can conebuie, to a preat axtent, 20 the b-_'el.mb- of percelvec safety, which is amory
chk(,v issucs that should be guasenr toed i SYyneogs sEiC cgok):.l‘un:; |6 73,76] Tho-"c¢rw o‘d:,,
users Musl re’rrelve roacls as sala Lo inleracl wilh. On the ol~er Fand, naluralness rele=s lo
the sodal navigation of the o202 thouga adjusting its specc. anc. distance from th.e woersers.

To corclude, "he n-esent sli:dy invesligaled The possibilily 0" using ronve bal cormu-
nicazon bascd on hand gesture detectionin zeal conditions in agriculture Obviously, tals
Tramework canalso be ima’emerted 1 other secors depenc rg on “he specific anpicalion
cthanc. Possible future work includes the exparsion of the pzesen: system 0 incotporae
mo-¢ hene ges-nres for tle purpose o= other Pl"""icil.l :1pp|’cn'ions Towarc that directior,
“ecogn tion rodels that can ‘certify a a sequence 07 gestures coald z 50 be setul. In addi-
t-on, it would Le inferesting to exawmine e potulu.ll L combing band gesture recogaition
wilh human aclivily recognilion [52,55] in orde lo propose a more [":’c [[RT and lesl Lhe
“ramework N more ¢ omplc\ .‘ppll(,dflol More cxpcrlmcnf‘ll tests should »e corried out

rodilferert zgricaliural environrenls Lo idenli 'y possible molion preblems ol the L'GY,

which may lced to the applcadon of ce.lular reural networks [77] to address them, similar
o previous sludies [78]. Tas(ly, lulure tesearch cou'd imvolve workers using Ueir ow: pace
2 1eal conditiors and vestigation of not ozwy zhe efficiency of the systew, but also their
opinion in orda- 1o provide a viabh'e and soc’z1ly aceepled selulion [6.

Supplementary Materials: ‘'I'~c folewing supoor<ng in“crmaticn car se dow=loaded  at
h=ns:/ /d1"iV(\!l’¢mgiyl(‘.ﬂ‘“‘.“\ /file/d /‘.ql 1] XW F\f‘n;:rI":7m0VRr<\"]yH‘)iu\/II 1114'}77 /<iow. Video S,
Vicco recordirg from an experimental demong-ration sessicn for kesti=g the ¢ ficacy of the pro-
poa:d Syre: saiclie ramrework.
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