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# # 5770204221 : MAJOR COMPUTER SCIENCE

KEYWORDS: LOG DETECTION / LOG COUNTING / EUCALYPTUS LOG / IMAGE PROCESSING

/ IMAGE SEGMENTATION / MACHINE VISION / MACHINE LEARNING
NOPPAWAT SAMDANGDECH: LOG END CROSS-SECTION DETECTION IN IMAGES
TAKEN FROM REAR END OF EUCALYPTUS TIMBER TRUCKS. ADVISOR: ASST.
PROF. SUEBSKUL PHIPHOBMONGKOL, Ph.D., 104 pp.

This research presents a method to detect log-end cut area in images by using
machine learning and digital image processing techniques. The proposed method was
applied to images taken from rear end of eucalyptus timber trucks at an entrance of a
paper mill in Thailand. The method consists of three parts. The first part is the
eucalyptus truck detection. Single Shot Detector was used to determine the area of a
timber truck to identify the coordinates of timber truck area and eliminate undesired
objects in the image. In the second part, log segmentation was applied to segment
each log from the background using Fully Convolutional Network for semantic
segmentation. Since the segmented images might have some log-end cut areas
touching other logs and might contain some non-cut area, image processing techniques
were then applied to separate and count each log-end cut area. The proposed method
was tested with 300 images of a dataset of eucalyptus timber trucks and achieved an
average accuracy of 94.45% in log segmentation with 2.71% of false negative and 2.84

% of false positive.
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2.4 aluuns (Binary image)
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2.8 N13t3puivaAIas (Machine learning)
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2.8.5 n13618lean15i38u3 (Transfer learning)
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2.9 M3138u31398n (Deep learning)
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2.9.1 NsanaduLdaLEY (Linear regression)
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2.9.2 nmsanavulaldafa (Logistic regression)
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2.9.3 Harfdun1snseeu (Activation function)

a o L4

Wuilsndunvirnindedulavasiivunveulwndinsuiiuuseneen (Output) A
sonuanluudazluun (Node) vosgaauszambilunnnsgiuderiunazdievilidiauds
Yreaniiuszansnimuiniu neiladunisnsyiuaiusaivuaveusrmidululdvesdy

wlsAneanlilosasigniuiisveurasngudeyaiu sndiegreflandueniles (Heaviside
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e
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2.9.4 aruvun (Weight)
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2.9.5 andissiuu (Bias)

[ 1

duadudsiitiesdsuamdudsvidilinsmadulunisdenionisu (0-1) lngan
WesuuagiinsuSuanluraeniinisiSsuivnasaduingifiuaniminuagyimtnivg nidea

Tiliwaauszandamaansfludan (windu 0) luduawasnaans

2.9.6 IasedngUszaniiiey (Artificial Neural Network : ANN)

[ 1 s = 4 a A = o o s
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wallalassngUszanniiengnldlunisussaiananimuaznisfuaunin Jadussuy
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Usgannienaunsaisouinngunimeieg1alad

ASUNSSYUSHUUEAN T TUYeRwadUsSEa VA8 (1NN 100 TU) LWeuse

wagdadoyaliiunaziulugiuvuteuludraniy (Feedforward) nisuuudounau
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(Feedback) nasun 2-17

Y

1) wuuteuludhanii (Feedforward) 1udszinvveslassiedsyanniieninienan

R ¥
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Y
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2.10 ﬁ'aiaal,ﬁm?ﬁnﬂaui’;g{fu (Convolutional Neural Network : CNN or ConvNet)
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Felunisuenvosuudnaesduseinvilaziininudn (Depth) Windunludeyanmvilvideya

wndvesnimanuuuinassensddiludeyanimuuy 3 48 ntudeyavidignulasied

v

304 (Filter) WeainAudnvuzvastuasulgiuIINToyavIiIeenul Jatunauiyinly

1ATIUNILANUITANTIINVOURALANANYUEITEAUATT (Low-level features) Tudunaumntinil
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Y Y

o

AnuazdeanaiuuaznadnsvewiaznmaInduaeulgiurzgnirluldludeyainidives

Y Y

sugaly [12]
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lassaswesiseaidnisnaauligiulszneumetuiidniunisiuasunlasoya

lngiaudanaudnvuzuesdeyavidl fuvesdaseadaisnasuligduinuuinian

Uszneumetunouligtumuiiedunadastugaedutudeudowuuifeigud 2-18

Fudutuiulamadnsannisvhreuligdunazyimiinnlunisasimadnsanvinevesilises
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v a

Wndsneaulitu lneudastuilsneaziden fadl

v 1%

1) Fudioyardn (nput layen sinldifudeyanmm Fanamduaminduesdigann
ImsJéu'Nsuaqﬂ"ﬁ;ﬂﬂwwﬁmmsm%’ﬁﬁalmuLLﬁazqmﬂﬁwﬁuagjﬁumumﬁméuaqmwﬁ?u 9
Tneilunazdvwin 8 Savde 1 Tud defurasiidululdvesengnnimannsouansldiou
A1 0 - 255 aglsinulunmdlaganizuuudiass RGB aganliunisuonyesdeandu 3
Y99 Insusazvoszilundeyamudnifiudansilideyavnindudoya 3 I Usznoude

AHUNTN X ANUGT x ANUAN VosUAaEYRIElUA M enfiee i mTuAI RGB 2u1A 255 x
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255 (AUNINT x ALE) AN Tudayardnadl 3 lwnsndaeleatunin uiazium
v a

Snduanifawiazyeed feliunin 1 mndsdszneumelasaing 3 Iansenitdsunsteya

WVIFILANNNU 255 x 255 x 3

#1n504 (Filters) n3aununans (Kemels) uansdasnimesvosatminitlilunis
sufutoyav i lngansafiudnuinsewesiinpsteyariduileindwuiiaes
LM (Feature map) BausazfilaosuamazweremiFoudyumesisnafulunin Wy veunm
v3oqnd (Judu Fnsematedignlilunisafnandnvuslufunoulgiuveddasadis

Uszamiigy uagiin1snndiy (Stride) ArgaruAsminTasfisiiun1sseulsunstoyavidn

2) fumpulagdu (Convolution layer) UsznaudnesinsasitannsaFeusld Taoi
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AourusvEnduesnmluiFes  wldnmeeuligiuiidunmaindinsesvesnmundi lu
wuudiassannsndifinsesldinnndt 1 danseailesesiunudnunzuesniminiifuandg
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v Ao

3) JunszAu (Activation layer) Wuilsiduniimualideyavdidweludilvnunway
o v ¢ o = < su ado a v ea Y a = o v ¢
Anuaraansvodliualy  Wesnduiindundedulanadnsnuriase Jusunnadnsves
Fuilinisnsesu (Activation) neflerdunisnseiuindunfeuldluneulagiu fe faidus
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RelU

i R(z) =max(0, z).

JUN 2-19 nemuansaunsileidusanlnagaedy [35]

R(z) = max(0, 2) (3)

e
nadnsiluuinidedle R(1) = max(0,1) = 1
nadnsiluaufsede R(—1) = max(0,—1) = 0

wenanililandueiatanegegau (Softmax function) Wuilsidunisannesladafia
9 v o (% o g.JI (% a & ! ! J Zﬁ
nlddmsunisduundszianvatedunsaunisin 4 lneilanduaiasgaegisseugnlylugy
aavhevedlassingieldmanisaluasldnnuinzsiluagrandeyalszsiny

Zj

f(2); =K ou (@)

Z.
i=1€7"

(% '
v a1 %

4) Funads (Pooling layer) {HuTUTYTILAATUIARNILAINNTNUAZAIINGIVOIN TN
wirudndensenlimilousiy drulvayadausenounie 3 Usean lawn wunduass (Max

pooling) ﬁuwjaéq (Min pooling) LLazLL@WLﬁaLiﬁ]wjaéﬂ (Average pooling) Im%’u‘ma’ﬁq
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1

Andunsiusdaztuvesnnudnlaeg1dassuarysuruinreinimaadiegisguin 2-20 lag

Ign1sanfiunisniendaeansluniazyssinnvesnadansilaseylineuntdd tunadad

9 Y
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5) Yulieusauuuang (Fully connected layer) Wuduiiaidunisuasanni
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2.11 nN13337970 (Image Recognition)
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(Computer vision) #4N153310MMETALANKYLIDRNLA 4 T5 Aadl

2.11.1 ns3uunUszinndayanin uazn153angunm (Image classification

and image clustering)
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2.11.2 59K (Localization)
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2.11.3 715n3293U3AY (Object Detection)
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Shot Detector : SSD) [14] uagn1sarinAaanvazankuuTtaedluueiun (MobileNet) [15]
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anUnenssulassieiiseadndsn Bagnesnuuuniieldlusenndintuiiede lnalaseasn
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SSD fvanNN19YINaU et

#a90ulassa¥redaiavondinames (Single Shot Detector : SSD) Llumisly
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[ VY]

(Extra feature layers) #9Uszananalag tunaulgduiufinsaukuy 3 x 3 Jaudaznsou
AwdenUsenaume 4 duUs Lok Ainvegaaudnats AUNTIN AINED LagInnash

aenndesiuaueiululiaztayaUssianteasing

weaNaNIITNInAlLLINAgA (Non-maxima suppression) gnununlddiuying

yaalaseadne SO welviddawasalunisladeningiineidesnnigauas Innquavieyly

q

a v o aw v U gy A & o 4 2 aa o 1 av ‘:4' I3
mi‘U(ﬂaE)N’JGIQVWIE]UVIUﬂﬂﬁ/iLMﬁE]LWENﬁLMﬁEJM‘WL@EJ’J ']ﬁﬂ']isﬂ‘r\]@ﬂ’]Vl‘lﬂJﬂJ’]ﬂV]?j@"\]gLﬂUﬂiaU

awdsnlunsUndouingnlAmureiugegauazasiivdunvie antulaseasis sso 19

Y 9

wallan1svinmilestayaideausgiamin (Hard Negative Mining : HNM) Lilaa$1saunaves

'
a1

Joyausziansgninnisasu lneyngegvasiiegudauiilagyidenisasu (Training loss)

Y

gegnazgnldlunsiarsoureinisaey uarlasaing SSD AIUANSNTIAIUYRIALTIAUADAN

Y9

WaUIndAInau 3 fe 1
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Extra Feature Layers
VGEGE-18 .
through Conv5_3 layer

Classfer | Corw: D dx{Clansens4])

Crassfer - Cor. Da(BaClasses+4))

S
&
tw
3
bl

S59FPS

MNon-Maximum Suppression |

L]

Ss|

|

; ]
Detections:B732 per Class

Conv: 3xx1024 Gorv: 1x1x1024 Gomw: 1x1a256  Gome 1xix128  Conv: IxixiZB  Comv: Txix128
Comv: 351252 Conv: IM@5652 Conv: 5651 Comw: ThE56-61

U7l 2-21 antnonssuvedlaseaine SSD Tasfinmindheuia 300 x 300 9an M [36]

N3UN 2-21 uansanndnenssuvedlasaing sSD gnasrsduainanlnenssy

] S & oA ] & e o v o
VGG16 [16] wiagietuldeusawuunife lnginananiian1Unenssy VGG16 unldidu
lasengitugutu Wesnfivszsdnsnmiinluauduwunanidaanmguazdulasened
losumnufisudmsulgmaldmatanisaeleanisiseuiviglunisusulsmadns andy
Unflutudeuseuuumislulassiy VGG lagnunuiidietuasuligiuiauaintu conve

[

[ £ k4 e 1 b [y [ o k4 U 1
Juduly dewmgidagldaiuisoannauanyusnivuiavaigvuialauasdires o an

v '
| U oo./"Lll o

yunvesdoyar i luusaztuauEfula n1svinuveddasane SSD suanldlaseneg
Youwaidesnsieaseiuifaula antutunsuligiuilinesiunus (Position-sensitive
convolution layers) gnirs e duunNumnaIdy lnglaseasie SSD ALIUNITNY 2
& =

tuppuinfouiuluasusgrdslinadnsanviveglusuuuuvesnmsiuensevamasslunis

UndeuinguazUssinndeyanauaiiusingeglunmiid

Tuureium (MobileNet) [15] 1Uusainaudnvasfisonwuuniiayssuianauy
gunsalimdeundsldiiiosessuiuamudnuuyseauawesnin lag MobileNet wee1uvazan
ANNABINITLUNSAUINYRIANES NN TTeusITEne lTTaeTuUAUNISAkaRINaNINYDY

¢ A A o 13 ° =2 fa @ a ¢ 4' !
gunsalnfounddiagluaunsnlinudnnuinnsiuiunsaldidnusedndnnniuuudu 9 1
= Al = o ! o s = o @ v A =] 1Y ' o
Falonudadvunniisanudvesnsananimaliissduiuanesle e uiuniieaanudd
UWATRIRBNANADS ALLANAIITEIan Tnenssuves MobileNet uaziiaseainiidsn

o A d‘ Id gj v a 4 1 6 U
Aouligtu Ae ununvzdutuaauligduauin 3 x 3 Weamumenauuesdalawdu (Batch
normalization) wagilandu ReLU uslun1angufiu MobileNet wusmouligdusanitunnlag
Aouligtu (Depthwise) WA 3 x 3 wagwaglidaauligdu (Pointwise) Yu1n 1 x 1 191

wihillunssinedminseunartiieasinudnuuzlnil lngvisneuligdu depthwise uax
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pointwise @1u1saisentaitneuligtuwuuinnligignnisila (Depthwise separable) &4

4 =< o a [ acs [ gj a 5% } % . 1 v
ﬂa’]EJﬂa\‘lﬂU‘L!’JiE)aLumL’JiﬂﬂEJUI'JQ%‘LJLLUUﬂQL@NLLG]@’JEJIF’]N&TNSUBQ MobileNet dswalwdl

— [

3=3 Depthwise Convolution

ANILEINIUALLAN

Batch Normalization

RelLU&

1

1x1 Pointwise Convolution

Batch Normalization

RelLUs

Depthwise Separable
Convolution block

(%
[

gﬂ‘ﬁ 2-22 Fuveaneulgtuluy Depthwise separable [17]

Y
U

an1nenssuves MobileNet Aagun 2-22 Usznausigaeuligiuuuin 3 x 3 agiivu

LINAIUAIENEUVDIABUTIQIUL U Depthwise separable 31U 13 nquAzun Falu

o '
ra o a

FENINNAUYUVDS Depthwise separable zliiitunadang udluuiatu Depthwise {13

(% ' ¥y (%
aa a A = 6= (2

AU 2 iieaniifdeiunvasteys taziiloiinivgn1saliidu Fu Pointwise Nidonnofiu

<

a o 1 v 6 [ | aa as o £ & v v
LLNUIIUIUTDIVDINAANTDBNLTUU 2 19 I@ﬂﬂﬂ(ﬂlﬂi@aL‘L!GlL'JiﬂﬂEJUI’JQGUUIGU‘WQﬂGUUﬂﬁgﬁu

a =2

ReLU wsidmsu MobileNet 2gl#andu ReLU6 unuil Falldnuwausinilouniu ReLU usvgdiy
Jasduldlvinisnseduiuivuiailugauiuly dmsudidnuundszinnuu MobileNet
U38NoUmetuLantIo s INATILUUATOUARUTIAILTEAUMETUIMUNUTEANTBNR DY

iwTeieuwiiureuligiurng 1 x 1 wasilsiduangeanatgeu

2.11.4 NMAILUNNIAMUNUY (Semantic Segmentation)
MITWUNVAMNINY A Nsirungan nusazgan nlunmid iiidudeya
Uszinnnianunuigiainludwunnguanuruiwiuresganinlunsiag nquasgui 2-23

[%

1A8NI5TILUNNIANUNU LT UFIUNTUD I UATUADUNIADSINAIALATN. A. 2550 wazil
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v '
a = IS a o

dl v dl o L 1 U QIJ =
ﬂ’]iL‘UaEJ‘LlLL‘UaﬂLLaSWGN‘lJ’W]ﬁWﬂﬁULﬂ\'ﬂ‘U‘L!LZLIE]@Jﬂ’]i‘l\l'ﬂ;ﬂiﬂ‘sﬂ?FJF’]E]UI’]Q‘UHLLUUVI'JQQ (Fully

o

Convolutional Networks : FCNs) 1nl9aseusna1ne1uiduves Long wavauy [18] lagdl
nUsTaIALieINITRUEINIL UL Ua189n1989Ua18M1 (End-to-end segmentation) #4013
FuunnauiEnsdutunsunus U AluNIiRILIaINNTaYRIuAne ulUaudnIs

AUNUNA 1ABL3UAINN1TIUUNYTANTIUTENBUAIENITIUIEINTYAV UYL

[
U [y I~

TUABUARNT B N5 MLMEEN1SATIITUTsliie s uunUssnnvinty widuiudeyq

[ A 1

munisvesuaazIngedludayalszinnnaituiig Junougarieidun1ssiuunnia

9 Y

ANNINeENIETUNITEUINUNAlagldN sAANSalkuuukluieRadelvfuyn 9 9ann

elviusiazganmiinisiiuinevevesudazUssiandousauingty 9

(@)

JUN 2-23 f9E1NTTUUANNANUNINLYDINN (1) ALY (V) ANKRAENEVBINTT

Y

FULUNNNAMUANUNY [19]

1AS9A519U89N15IBUNNI AN URLNeN L UaNNNS0 L lASIU 859 E (Encoder) a1y
% [l 'y o [ Y] % v o =3 ] o ::l' =2 4 Y
melaseenensiia (Decoder) dwnsudndnsvadnasilulassiionisduuniignilnliue
wu 1as9918333 (VGG) [16] MSatsatum (ResNet) [20] wWudu smudislassinenanssia diu
nuvesaeasiadunisadisanuunnsisuasnudnuae (rnuazdendi) andaudisia
VUINUATDIANIN (AINAZIBEAZS) DT WUNUTLANYDIIANINTNUILUUBDNUT UANFS

[ |

MNNsIUNUssininadnsgainevedlassiieddndudandAgyuintu dmnisduun

o A

mepunIngliiiesaLUsdaganmnseaunnninty widdnszuiunmslunsdaden

Aanvauzlutunause o vasiinsiauuiuiveganImenme dmsuislunisnensiasy
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Idwmadauaneiu lunwideliideldisnsduunnisaruanenulassigaeuligdu
WuuN99 (Fully convolutional network-based semantic segmentation) %ﬂﬁ@ﬁué’ﬂwmz

[ [

AP URIlATIvIY fal

o

1) M3duiee19UU (Upsampling) vedAaianuaizantunauig 9 tududadsagn

e iugaazdauuansniulunuaiumingvesdeaninu g

2) nsileuinuanvazinuaziBeaditen1UsELanvemn 9 gaamluninyiale
lngldamnoulagdu (Deconvolution) MTuAUAINTBILUUNTITEUTEAUE (Bilinear

interpolation)

3) feg1avaensanelensseuianiasteduunUssinvivivady loun laseng

333 16 (VGG16) [16] vi5alasaanatandiun (Alexnet) [21] 1udu

lassnemoulIgiuwuuAREuIeIsN1TAUMIn LA N lne T lideq

l¥nszurumsaiauiiauinents dusunisyiauwuuangvevedlaseiteaouligiuiuy

v =2

tndudiuvengvesnouligtusuuiiu FsuwAnndniiiedsureuligdunuuiuliessu
Aunrmidndvunliiangasisguin 2-24 YedninvesnauligiuiuuifutugeusuLazin
Unslamzamdidinilyuinianizianzasainduidestseuuunifauiity asaiudiuiy

lasetigmeuligduiuumteniiduaeuligduiaz dunadedairluilanuaiuisalunns

¢ o Y aa ' P
ANMNISaININL AT uNa ki agle

forward/inference

backward/learning

JUN 2-24 lassasreinnganuvnuwiuvedlassigasuligduluumiauuulaignieds

Yanene [18]
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A3 MNEaANNgYeIlATIYIeABELIRTULUUNING AD N1FTIUNNNAUNNIT

= s

ANHAANSALLVUNLALINUANLLD AT AUNENURAR 18 UATNULUIAURTU hANANEAUT

9

Tunsagganinlunindsenauaivd C T uIuUszinntayareInIniifean1sanhun

[
o [

A29819095UN 2-23 Hen C = 3 Usznauigdn AU uaziunds dmiunuiAniiugiuves

[
Y

lasangasuligtusvuimdalunisareuligdusuunits@duyngulutuwuuaoulgiu
melulassainedlasinepeuligduwuuiiskifdwlanveusdeiutugeusauuunidialy
1 ¥ d! C% Y o LY % 1 U Q.II = ygj

dauvine Fainldiunisdwuntssnn Tumanduiulassdiepsuligdusuumidldtunaulig
Fuiiednnguusazaaninlunn daly FunaansaavineaziiaunnuasALgewiniuam
Ul widwIntesazwiniudulssanidwunls endliegislunsaliidenisdiuunusas
gan i 1 Tu 15 nguusznmituand ety Asuturadnsgavinerinduamuning x Ay

a3 x 15 Uszan lngludugaediliidunnuinandugeanegssoufianunsadumdoya

Uszinnithaulangadmiuusazannm

= v o = ! o & e o 8 v
nsssuilalesvesnisguineglululassieneuligdunuumtazyilidunans
vodlassasadivwindnastagldnaislunisanninunituasanugeueanuwes (Tensors)

uwaglasseilldnneuligtunsensuligiuuuugdeundu (Backwards convolution) Litave1e

Y
[

WO TNTUNAINNB AU LIANINTIIAIUNTIMAEAINFIN T TUNINAURTY LHB99INTUA
Aoulagduiiudunisadureuligiuludnduniantuy imszaviuadmindaiuise

Seusldviloutunauligiuuni

Long uazamy [18] Uszaumudusalunsudadassnenlasuniseonsu 1wy VGG

A
U ¥ ¥

[16] %50 AlexNet [21] s aslulasstneaeuligtusuumlaensunuiituaainesie

lasangaanan wiindymy As nsdudiegrsduannmugeineuligiugarneigmilouss

al

Lifianuwiugn Wesnniiteyadanunaymeluannsdusiiegrsasianualulaseiiy me
WAl Long uazAny [18] 39591 IduMag19undinalsvednuwesanynediiunisdy
U ! g 6 1 v dl YV a lﬂgj dldl 1 o QQ(
Megnunnmuwesiount elnlaveyadeiiuniuiugmnny

[

Tusddeadulfideldldlasne VGG16 Wunuudiasveslasiisnauligiu
d1m5un13391am Falasunisimunlag Simonyan wag Zisserman [16] lungy Visual

geometry 31NUN1INgIGERBNGHasA TAseny VGG dilauududlunisnaasugadia 5
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v v

uRuLINAIEAULINEWIAY 92.7% Tupdstoyanin ImageNet [22] Fuduyadoyaidl

Y

AT 14 Sunmly 1,000 yadeyauszan annlnenssuves VGG16 Usenauniedu

Aol TuTILIY 16 Fu rauligtuinsasuy 3 x 3 fun1sANaty (Stride) 71 1 Tutunau

gty wagldnsiasudu (Padding) Wenduiutunads 2 x 2 Aun1sintud 2 saudadlen

Y

o [

N3099IUIUNIN FIFUN 2-25 UanalATeasIeved VGGL6 Fagniiegadunindudiniivuie

= a

224 x 224 x 3 wazldtuppuligturuin 3 x 3 FeufuusnanuuuvesaztuluauEnT

1% o
U (% s 6 1 1 I

duty Seddunadniidunisainnisaiangeanagnsseulu 1,000 gateyauszinnuasiidy
Fouseuuuihidediuru 2 du uwiazduisiuiu 4,096 Tnua sudeduunayads (Max
pooling) Fsivthilunisanvuauazgnintheriulaeiivum 7 x 7 x 512 foindudimuves
nsafnnuanvurYeILUUTaes Tuunsiiduiindeveslaswieioidudiurosnisduun
UszLandeyavesuuudiaes 159978 VGG16 Wumaideniiddmiuanuludiunisade
AN Mafmuadminvealasitng VGG duannsoidfsldesansiane

wazdinisldnuegnaunsuanalunatsnulszgnd sudaduiugiuvesiiainnudanuae

224x224x3 224 x224x64

112> 128

¥ 56 x 256

28 % 28 3 512 TX 7 x 512
.

p Y AL | 1x1%4096 1x1 %1000

s : L %10

@ convolution+ReL.U

ﬂ max pooling
| fully connected+ReLU

] softmax

'
P

JUN 2-25 anUngnssuveddasstienuu VGG [23]

2.12 nsLiNuAMAIYRItaYa (Data augmentation)

nsinauaveeyallumelinlunisasisited waeulnilagldisnsqusiaedng

v U A v = a ! o o £ <
Mnamsuatunlasunisuily ieiinauudugluauduundssan [24] saufadung
dugadeyaiielutoyatndrdmsunisseuiveaniotlagamnslasaiieiaseainisn

warnsiseudidedn WesnndeyatdilumiliounguadiAgluwuuitasveanmseuime
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LA3BY NMSLNAMAIYDIUBYATIgN TN TEENALEL ANV ELALAIUVAINVAIE VDY

v ]

Taya Faanunsatiuyatayaaauld 10 WinTeu1nniaegun 2-26 Beliveyaaouly

Y Y

v
IS a a =<

KWUUINARIUINAZAINA AR UUIIatuTUSEANS A nuInTusazdeaiunisiinlariasils

(Overfitting) Nsdeyadolmunainvaretuduizesiifiliosaningiiaulatuazivuin

=

ANINLAS UagYIINALANANTY NMSiNAMAIveIYaYIevilikuuIIaellnuaudingly
(Generalizes) Nia1unsatluuszynaldlanludunaunisnaaay (Testing) n3atunaunisly

11U (Deployment)

JUN 2-26 MagumsiiuAnveiayaneIsnsuUateyanim

2.13 N1599USLANSNINVRIN15UNUSZAN (Performance Evaluation of

Classification)

ANSAUIUMIAN Precision Recall way F-Measure aunadlaann

i TP
recision = TP n FP (5)
Recall = —F

= TP Y FN (6)

2 X Precision x Recall

F — Measure = (7)
Precision + Recall
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Tnen

TP (True Positive) A9 3NUIUNUIAAVDIUAENBUNYINUILINTATURAUD

UangvioukasNaansAalntnfnuaIUaleviay

FP (False Positive) A8 31UIUNLFAU9Ua18710UNYINUIEINART1H A4

UaneviounaznaansAsluintndnvsalateviau

TN (True Negative) A Sruruntfnveslaeviouiviniuiglddniindnues

JangviounasnaansAalntndauesUalevioy

FN (False Negative) fig 31uauninfnveslateviouninuigInlididniidgn

1 v e a Y v | a
vpalaevieulaznasnsAelidninnvresUateviouass 9

o/

2.14 uIeMNe1989

Nuidedigayamuiglunisasiaduniidaveslaeviouys lagldinaianig

va o

UszaranaaInnmatemuinesausInidganduda gidelavinnisdisisnuidenineites

Y

wunHAdEmReItuNsRTITuntsiaveslatevioulaglddanesiuuun naeAaudng
toelpglanizeg9Baninnnaiesuingsaussnn egelsinunuindwadanisuszaiana
N maeraewatiagninulssgndldlunisesiadunindavesUateviouss lngaiusa

wusaantendu 2 Uszinn As UszinndldnmanswazUsesnnilduasawes

2.14.1 Usennnlan1sussulanaanwadatyas

U 2009 Nylinder wagamg (Nylinder, Kubenka, and Hultnas, 2009) [25] lad1599

aa U 1 14 6"

Tnsiavieugemguasawesiingldszuu 3D laser scanner M1%8731 Logmeter 4000 311

'
a

U3¥W Woodtech Tuussimeadd ladinisgniluldlugeamnssulidnaneuseme qunausy

a

nTaUsINNITUlUduTnaanunTameuaawes lnvgunsaliauaweiszgninegiu

a A ¥

wiuganndl feganeiu 3 dunis fie usadhe 931 wazuuwiuwiosaussyn Fdnludes

e

1 v

UWeETT 1 Agagliuszaianalaiiug1u1niu seuy Logmeter anunsalideyalidi

d1Agyld Ly AL LHURUANENae WazUSunsueaiaugs nInsiadusayinvuinlyd

6

meuanawesilusesiliduinin uazaunsanniunislieg19nluds lneuywdaziidiu
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Ffunszuaunstlihe 5% waranunsaasivldegnesiniiniely 1 uiil Fessusaussnn
logegauniis 600 Ausiodu Wesaussnnimdeulidiusnanienvawesli wesziiinis

N9 lUMITIAULIRAS 19N INAR I MAZRUUTIa0yuNeY 3 1R A nuuasldinatianis

'
o v Aa

Uszananannaneiiieddndsilidndusenluainaim 1wy druvsznevvessnussnn
nEsnildnminrnaudadnsinnluieseiduniduihuaudnarsvedlifmueiie
iluasauuusiaes Tnedradennduduiugudnasvesuiaziduseuts sunsuaniing
sruvadmadnslnefunsudsnnaadndnountil Tnonadwiildusznaudedeyanes
T laun wuudnaes 3 6 Awend luRuaudnae wasdsunsvasliinuaau

Y 2011 Molder hag Martens (Molder and Martens, 2011) [26] LaL@ua31n15
Uszanawannanefivsslewilufugnamnssulsl Undlugravnssuagilnuildssuuifud

[

Tduywdinvualdegiludiunuuin dausasadimeaiansussaiananmunUssanaly

Y

Y]

Y Y o aa I3 A9 Y Y aa a ca v I3
1@ LL@ﬂﬂﬁﬁW’Jﬁ 3D laser scanner LUU?%U‘UV]I%ﬂﬁ@Q@"\]VIa’JLﬂﬁ’]g‘ﬁﬂﬂsﬂaﬂLLagaﬁqQLUu

[
aa

o = a g.Jl aa [ 1% 1
WUUa0e 3 ARTUNN Hvanrun 2 39uan laun

1 U ¥

1. Laser signal delay : LﬁuﬂﬂiaaammwmﬂizﬁuaaﬂmﬂLﬁL%% LLaaﬁmmﬂmﬁaz
azvoundvaningludasuwesnim Tnefimsdunaazinszesvinswesqaitia yuuay
Fumisvesawesaziudsuluizes 4 ileiagadell oy fo nawsiudilumsnsadu an
foe Ao nsiadouiivesing tnszmalssauenadiiu uazanawniade el

L3 ! [ ¥
gunIal sendnenisinle

(%
Y Y

2. Laser projection : ldiduiaiwesuazndeddviagnaslingn 4 vils duawesavgn

Y

Fushondesidvia ndsaniiduiawesgniunmiazlfinaiianisuszanananin iilensaadu
EuaINgUAIN MTULNTEIAIEeTwAZNARIRRTa wazzasinaInTngiazyilingu
AruniauazaugeuesTngiiy 4 16 gy Ao naindeufivesingtion yades Ae fitlade
AMeupndITnanszny Wy @an e 11 Wudu vilienuudugianas wasdiegaaues

aadx & da v
TiRwlundeyldunanlugnavnysy

2.14.2 Ussianitldnweng

¥ 2011 Rahman wazAne (Rahman, Yella, and Dougherty, 2011) [2] Toauadsly
mMsfunwieugivusavTImnuar Uty msvudsliiewdludalsudeslsl 1ngld
amangaInThesausTynldidiesiunsde 3 nszuiumsdes Buainnszuunsusnidy

N15USEUaRAN WL U9 UMIENTITRUAILUUT1a098970 RGB 1unuuInand HSV Tasiin
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NIZAIANEIN (Value) 99ninaInkuudnasdd HSV iieUsuanuainslasauUsausig
Faglduruimunaes mntuiaanuailunuduamdsasanududiduasuuaindu
Id o = 1 < o a [ | ¥ aa 6 ¢ [

Wukuudaesd RGB deundunisaliunisduAiganindlgisuesdaladiiousuniy
WasuwUasweuas drusunszuiunsiaendunismveuningied’s Canny edge waginly

NTZUIUNTVBIEAN 1 50U e biveunmTduivunay nszuaunsgavinedunisuls

[y

d7unM (Image Segmentation) WM USAUaeoUYs Fudussuugesnanvesided
Tagihnmlunseuiunsusnanudasnduilduuuudnased HSV BnaSauavivuna1inuueRis
Adiiaiuganmiddnadegluadawusfidmunld wasihveuniniildainnszuiunisn

apandouriuiunimlunszuiunisgavineariieadadiuililiuinuvaievougiaanliain

Y]

AN N9 UU UL TZUIUNITABUTIIS NN T UTYALTONAUYINUAULEY Lay

(% (%

Y

° & A ! A A A Aada v ! Y] &
ﬁ’]u’JmV’]WUWIULLWﬁSWUV] YIALHAANUNNUYUINUDYNIT 300 f\;fﬂm‘waaﬂlﬂ VaJYINUUNNIT

a = N a v eal v A o L3 a i
Wﬂi@‘U?ﬁLW@EJ@JUiL?QJﬂ@NV]’]ﬁVIﬂWI@LW@UWlUﬂWﬂ@@UBﬂ@N?Qﬂ@M Nﬂ?i'ﬂ?ﬂ?ﬂﬂﬁﬂiﬂﬂi@ﬁ]

v

91989 ngaguinasuaInauras uaznszuaunmsaaneilunisthedeganmiegfniu e
Hudnnulangviougeiavualunn dmsunuideved Rahman kazAMLaI1TaNIIVTIUIY

| N a Y ) Yy a a & v &
VieugsusInan nenanisussiiuanugniesesnisiuldiadefadu 97% vealdvimun

Y 2014 Shvarts wag Tamre (Shvarts and Tamre, 2014) [3] LALEUBTLTUUNANA
dmsuldussifiudsunsvesinguuinlvg Feldmaluladuuvduitu (Machine vision)
Uszgndiirivduneuisuargunsalindouiiegraaurinliy fedaneifulniiignnaass
lldlunsussiiudsnasvesieugsiinesliuuiu nszuiunisvesszuull Suanglddu
AUTIUNINVOUYILALADIAIUANAMNITENEAINAILFIDT LU N15iia arulitames vie
u1n3Fusas udu sauludanisimuaveuwafiaulavunin (Region of Interest : ROI)

& a s @ ¢ = U ofav Yy o 9 v oA &
ntuagiinisuesialadnin Fanmuadnsnlassinisusulsannlviiauainyuniuy
A ] v & i 2 o Ao & v D Y}
niiu Wedwialuditunausialy Ae n1suusduntn Ndndudedddnszuiunisusuaig
anaietislunsnsnduingidesnisianvu lunisuusdiuninvesideilduuuinae
HSV lWuLAgiuauideves (Rahman, Yella, & Dougherty, 2011) Alananilidnsdu lngag
MNansmiiiegnisnszatedivesediiierhnisadauinaiannsalindurieuss ndwintuy
Idmaliansildsunlasdnuarlasssnnlaenssuiumsiaadaaglomuis gnihanldiite

UFulsanmradnslinuy antuagAwiumiduiiuagugnalvesUatevioutsiilavion uad

luA I Usuasnmuaveneadld annadnsainnsnaasInuALiugIgiu
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YUATDING LU MUITeves (Shvarts & Tamre, 2014) awnsavinaulafdmsuviaumi

fywaduriugudnasuinni 10 genmdisinitdagaiunsaiiuranduiunsinvenss

[
Y

MLt
U 2004 Knyaz warmuy (Knyaz, Visilter, and Zheltov, 2004) [27] lalausisn1sin
mewadanisUszinananin 3 Sadiethluldlugeamnssuauld meimwnlseanidu 2

d1undn Ao N1sUTEINUSUsTaLlll wazAulUSuInshivuaten uddee Tudiuwsn

'
aa v o v =)

a o A . . N v °
N3EUIUNITENIINNTUSULTBUNIRSEIU (Calibration) TnelindasRdviadiuiu 2 ndsa ey

nsiruaIanmedslunmivruinvesingass Yrglimauldivuave singdenisin

9

a o oA & o PN Y o a= A Y] 1Y a
ll‘?Ju’]@Wﬂﬂ‘Uﬂ'ﬂ@ﬂ’]W ﬁ]qﬂuuuqﬂqwmlmULﬂJq@aﬂaimmLW@@ﬁ?QT\]UVﬂ’NﬂaNIUﬂqWWFJEILVW’TU@

Aa 1 1 v

wnwesinswewn tnvainynvesnmesiniieuindelifsrigegaviosdiu (Local maxima)

= 3

lufirnatiug Fnstagihlvinewisvesingiauaudadu In1smegeunangudnaiaves
a v s = (Y L1 -dl' o (4 d'
Hnadlagiiasananialivesinmeianganilsludamudnalaiendnuiugagudnalad

I 1

Juldldlumewiias annArgegavissdussdingsan Ao Aasgaaina (Global maxima) F9ae

laanaudnansrnanuassadluluinauniynaudnaisiovun  Ingsisuanunausunnivg

TJaudaenanvumdn wazasiepeuand (Convex) lumsimunveuiunvesUaieviouss

] 41' o [ X Ao ] o [ &) [ a ! d'
‘1/]\‘1‘1/]11@LW@‘LJ’]VLUWTU’JQJ‘VI’]W‘UVWNVNW ﬂ']‘l/ﬁ‘Uﬂ'ﬁ%U?Uﬂ’]iﬂ@ll']LUUﬂ’]'ﬁ'ﬂG‘I‘UﬁﬂJ’]@'ﬂJ@QW@U"?ﬁW

(%
aac

dudsseguuaeniu lnsazdsonaadunsaludmiousaiieairsuvudnass 3 Tavusnlnl
FeassldUsvanas 30-00% vasiluRviovss

U 2014 Knyaz wag Maksimov (Knyaz and Maksimov, 2014) [4] lausuu5335ves
(Knyaz, Visilter, and Zheltov, 2004) [27] lagtaueisuszunulsuinsussnaswisuld lagld
gunIaluFufisuLnsgIuUsTnauMenaas DSLR 9112 2 ndes naisainnesliiduszey
2-20 wn3 wardenmetlUlssnanageaiinssturesia 2 ndesianandideasam
siusE UL Photogrammetric Svatglunmsiaruintaneviouysld visnduiaziininly
vYouNWIERNmesInTREwLaatagaTinslfieuvisn aneaNdn w duuszneule 9
TuausnaiRsuindadaudshnilidulsznouuinatuiiandu 0 funeudmniduns
AUNIINANAINALEUTBUILALTEITNTAUMIMULIY (terative search) ¥B3TREIFATUNNS
(Local maxima) 1snaswariigninanlfiiiemanimnsvosnesvieuls

Y 2014 Herbon wazmme (Herbon, Tonnies, and Stock, 2014) [28] tauauaisiu

n13515193uTngiadnafu (Clustered objects detection) Taa#ladldgasafinlunisasne

[

LUUTa89 welnseuIunTs iterative detect and merge Fudunismuuuisviganiging
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%

Paulalvdlunin wazaunaslIFIwuUIIa WAL UUNADEUYDINITNTLANEAIANADINIT

¥ (Gaussian mixture model) tonlunsraninglug 4 luseudaly dmiuianisnsiadu

[
v v

noPuegiudnuuglanizd (Local features) a4 USInuliy o aedidnaninauanvugmhunly

Ao LBP way HOG

U 2014 Zhao uaz Ren (Zhao and Ren, 2014) [29] liintaueisnsiaduntisinves
Uaneviounslngldtunauisidetugnssu (Genetic Algorithm : GA) lun1sufuusanm way
nsnsesuwuulalamasiin (Homomorphic filter) lun1sutadIunIm nsEUIUNMTEUFUIIN
UFudganinsiowmaila GAlaglduuudiao ¥ aduuuuyae (Piecewise linear

transformation) 11938luN15YUa8YRUYIARBINITALN INUUANLIUNIEUNIINRTIER

Y99 GA WBMUUAALUAEUNG 3 d@urasnnszaum laun 61 Uiunans wasgs maaniiu
Jgasalaaduaumngay (Fitness function) iaseumauiunindiagelagiiansanain

A1 mean square error LoUlNTU (Entropy) WazA19NIIEIUVITYYI0TeNISd ey 10Ul

[

Aeen1sAUA1ausUNIU (Signal to Noise Ratio : SNR) dumsudaudunszuiunisindn

waAILIPEWATANITNTRaLUUlElLNaSHA NaztremAInLaLIluraulnAINURReItule T

s I

ﬂ']WNaéJWésU@QﬂqﬁLL‘Ulﬂ?hUﬂTWQ']ﬂag GA LLa%ﬂqﬁﬂﬁaﬂLLUUIﬁINNaéﬂﬂ ﬁﬂ"lWNﬂﬁWﬁ‘V]ﬂﬂT‘l
A a v an ] ) ! . = aa o
Lll@W]EJUﬂU?ﬁﬂqiLLUQﬁQUﬂqWLLUUﬂ"ﬁf\]@IﬂQQJ (K-means Clusterlng : KMA) 9975015 UuNaIu

MUY KMA dndusisafmundnduniugudnarsuaginuiuvouysiunidesnsduniiu

]
a

e nasntuIzduidendoyalsududiuiu k 9a wazyadeyaiidenuituaziduge

v
1 £ v U 14 I

Audnanasuduvesusiaznguieya naanntudunsdnnguienaiivie lnedeyaavgnined

9 Y

= Y ] PN

lunguiienfuinadedeyatuiniuadeiufunureinguiuuiniign uasniAaiees

munungulvd ndudiiiunisauduneuiinguntuaunsensteyaiaungnianguedi
¢ ax say 1 o | ] a o

auysal 33 GA uaznisnsesiuulaluvesiingiglvinisulininuanevieuysusiiaiiaiy

a119008 19RANI1ITNNSRUIAIUNNIRE B KMA

U 2017 Mehrentsev wag Kruglov (Mehrentsev and Kruglov, 2017) [30] 1ataue

'
o o

BNTTAvieULITTTUUUTENRUAIY 3 SeUURY Ml N15nTI93UTRg (Object detection)
N153nNaNTiauYa (Log clustering) uazn1suendiuviouts (Log segmentation) 51 INtUNNT
M5199UTRY NTEUIUNIMITRUAMIMIEITIRIUA (Sobel operation) gnldlunisasiainines

nsLAgUN (Gradient vector) IngldUayavuinuasiAn1eiAIuInaINAALENANYBIIINaY
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al v v

ntuIIINITAUNIviougsluamaIeItynasgaduing (Local maximum) d1115U351

[y | ~

aunsauiladyninisdeuriuiurewiougsuazaiuisansiadurisuganediniulalnely

q
| |

Fnsdnnguuuuiuiivn (Mean shift) lunsaiinguvesvioutsignuenesnainiu 3501530

q

al

nqukuuns I (Graph clustering) gninanldiuviouganlasun1snTIaduaieAumIngy
WouAnfuvasiougs lun1suendiuviouys dana3nuwuy Watershed wag minimum s-t
graph gniunldieuusdinuinuvesiougdlulsasyiou Jaonalivieugaunavieunsvuuly

ausansIadulavsensIdulalignees ssuuliaygaliinisuilusienuesieiiurieay

v

Viouganaeen1sla

a a ¥ [ -] 6" U 1

nuITeAgItesiunsdikauaigeslaeldis 3D laser scanner ndnziuviaugs

(% [
(% (%

g wagdeswdunsluanuininAsgunsaild suudaaldinelunsindaigs 3543

A

HeuldiulusaudssimaniivedensesgnaimnssuldognsUssimalunavaunfuiie 1wy

Uszineuasing Usemaainu wazUsemaiunaus Wuduy

NUITENINTIRIURATIRTUIAUAIEDUTslun N EnuNdTIIkasaTUT AU

| @ aad Y] o | o I3 v ad ! |l °
W‘U'Jr]L‘Uu’JﬁVIWTJﬁ]"i]ULLaSFJWGUU']@UE”SWQUSQQGU@QINaULﬂUVaﬂ ’Jﬁﬂ’limuiwyj/lﬂmammmu

v o & a Y o ] A = oo o ] aa ] v
immﬂUﬂ’]WWUN?ﬂuWWﬂ%mUaﬁBmauﬂﬂwagaﬂﬂ"ljﬂmﬂﬁuﬂLﬁiJE]LLag‘Ua’lEJ‘VIE)U"QQ‘VI@JiUiNﬂaWEJ

U

U

anay Tunanduiuninainsaussynidyadddaerviliiindgymauistreauls Jeym

WaHUsENaUMENITINNDULIUUTIUTIN dvtidnveslaeviougdlialaus windn

A Ao !

vaslaeviouysdouiu wasuadintindnveilateviaugs wsedlingiludesnisunagy

9

Uanevisugsluudin Inedarevieuyslisadusdaiidaeudeln Juvunadnniliaw vae

(%
[

Lidalailaain ueasadinisuaniivindinld uasdanevesliuunliadate wananilviaugs

flvwawazgunseiuanaaivesntvuaveraliiluinan andgmdinarinuinnisnsagu

1Y

vos3ausInliilulsemalveiiaududeulasianmgegedsluliiaduda dgun 2-27

U

nuifeauetazilunisessfunihdnvesUaerieugeainamaiesuingsaussynlden

ausia



a2
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3-2 181939910381 s7aueandunmaieaninesaussnnwintu Fa1ma1e9nsanmegn
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U7 3-2 fegrnmeeiuinssafmiasliyaduda

¥ 1

AMNTINVDITTUVLUAAIAIFUN 3-3 Suamnamendignatelaendesluyiniad

Y

naetu n1satutng (Object detection) gnululdlufiuifiinaulavessavsmnls T
amudgnialaglifidnuoseuiuafinsaanusausmmnld andunisuendulsl (Log
segmentation) gniilulfifleutsdutargliusasviouoonanamitundsdenszuaunisil
dudunslagléisnisduunnisarunusninlaseiisasuligduuuuiings (Fully
convolutional network-based semantic segmentation) uaﬂmﬂﬁisuuﬁﬂﬁ’ﬂwﬂﬁﬂmi
Uszanananmlaglénisuuasnmluund Binary conversion) mswasuulaidnuaslasesis

29307 (Morphological operation) tagn1santhediulsznauiidaufinnu (Connected

component labeling)
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3.1 n’liﬁli’sﬁﬁfUSﬂU‘smﬂ‘lﬂ (Timber truck detection)
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msnnadusausmnliifunszuiunmsinnadusausmnlslunmdigandiuine
sousTnuAnafasUTl 3-4 nsvvrunisiBuanmsdssgndlilasiaiedauiavonimeinos
(Single Shot Detector : SSD) Thauslae Liu wazame [14] fudardnenssuesiais
Aadnua MobileNet [15] gninanltifionsavaevdindonlunisladening (Bounding
boxes) v0950uUsINNliilunw 3uainnisintheiduteyauseianlnsiluyndeyaaeud
Usgnaudrsnmsnussynliuagdiiunsaeugadeyaiuuuuuiaosildsunisaeudmi
SSD Mobilenet v1 COCO aMNEuLUUSIa89 SSD Mobilenet vi COCO gnldifiomituiid
Huldlfvesdmdenlumstadentngiitsousmnliegluvinadu Weduneunisaeuiase
Au dunoudely Ao nmaaeunadnslugadeyavaaeuiasmeunadnsludnume i
nseudmdslunsladoungdouiuuinadisoussn andussuuazdniunisdnnm
dutemzsuinesaussnlilunmlnedrdsanniidavesnsovdivastlunistadeniag &
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3.2 Msuenduniindavasuatevioutys (Log segmentation)

Tudupeuilszuuaniunismelsnshuunnesanuingaslassingasuligduiuy

' !
U = =

midagsldiuegranirdlunsvauilaseiiensuligtuwuudatgnisialatenis [18] 310
TUABUNITATIIIUIOUTINN W nunh i insranuiuiivessaussnnld FBn1sudsdiumia
AnumnedagniunldlunisainynnimamsiiduiunvemindavesUatevieugainty
lnggnnnignindhemiulunnvesndeyaseumeUssinnvemiindnveslaevieuysiay
Uszinnvesildldniidnveslatevieuss waziiteyulsednsanuududlunisisous
a a ' 1% % - 1% o Y A oA a
wiadanisiiuAmA1restayaniulausns OpenCV lagninanldiieiiuu3uiauasainy

waﬂﬂmawmmﬁqm%gaaau

A
v

RN tuneuNTaseNYRteyareu I5nisaieleanaiseuignldlunisusududs
voalasenefidelduvudianaiilafunsaoudrmiivesinsaing V6616 duauslng
Simonyan wa Zisserman [16] 91ntulassinsaouligduiuuifsgnasuuunuusians
VGG16 fegatoyaifieusndruiiufigamnuasmindavosaievieugdlunin wadnduasyn

JoyanaaeuiannInnvenAaresUaIevioutILanafaguR 3-6

(n)

JUN 3-6 AMMmEaTNEYRINTHENdIUnTdavaslaevieugslglasing VGGL6 (n) A

Yniund wag (v) mdndndsaussnnliiunnndy 1 A
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3.3 n1stiudangviaugs (Log counting)

ludumeuilIsnstiuuanevisugsgninauslagldinatianisusvinananindadiulvg

] 1

1laus139n OpenCV Tumsaniunis lnsamiignuendiuanisnindnveslaleiouss

v o 2/

NTUABUN 3.2 e1aintdavesUateiougiusdILRafuiuntdnveslaeviugIviou

¥
¢ v o oA

a' = a P BT VY] ] 1 Y] v a
U 9 smmmﬁmmuwlﬂﬂmm61WUE)x‘i‘dmBwauﬁﬂﬂﬁﬂgmﬂ,uwaaWﬁ @QNULW@LLﬂﬂﬁyIMWW

nantudalainisleisnisiulaevieuganldlunsueniaevieugsnegfniuuaz Adn

desumulunmildldduveslaevieusysoanty

3.1.1 n1sadrenwluuns

AN RTIDINAITIUN

mihdnvesUateviaugs

v

NITLUAININIZAUINN

A 4

asuUasnnluun’

#1876 Otsu

v
memaé’wﬂwﬁ)

JUN 3-7 urunmuananszuIunisasenmluung

amluunIgnasaduainankaansvesnswendumidavesUanevieuawanasagy
71 3-7 Inesuanldisnsudasduamduainssaumuuninilasunisuendiu aniuld
N15MNUAAITALUIATEUARY (Global thresholding) 984 Otsu [7] UuAINSEAUFNILIND

A Yo ! LY & =)
LL‘UﬁflﬂTW“VIbL@i‘Uﬂ']iLLEJﬂﬁ’J‘L!i%@I“UWI"ILUUﬂWWI‘U“Lﬂi
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3.1.2 MawWasunasdnuzlassnsvanmn

amradnsveINsusnduthdaresUmeviougsoaiifufivemindavesaeviou
fifnfufutaeviousavioudy q Ssuinusesreiiinfuviodeuderumdriiazgnuensen
nfulaglénszurunisnsounndiiunisfuain wagaiudenszuiunislaaduda
fufunmstunmlound lufuseudianunsnairsdesinsenitaiaeviougsuazandiuilsl

#osmslunweenlufaguil 3-9 (M) uay (v)

3.1.3 n1sAntgduussnaufidaufnnu

AN InnsiUasuLlag

ANWULIATITNVDINN

v v

Aseatredinlsynau ANFINAUNN

MTpURANU
AMNHRINS

JUN 3-8 ununmuananszuIunsintivdulseneuiiiveusniu

Tunaugaineidunisiniediulszneuidendniu fegun 3-8 nihdnvesdany
vougsgniulagldisnisindedrudsenauiieusniuves OpenCV Tudunauilyinlviny

(% o

mihdnvesUaneveuyaiilallfeginfunazdniunsinthedeganmilegluuinaieiuues
usiaziidinvesuaneviouyadeguil 3-9 (a) wax (1) Mnduthamuadnsantuneunis
WasuuwUasdnvarlasssnenmiluneiu (Overlay) senmidilildnadnsvesnisin
thevFonsiuuanafasud 3-9 (2) uae (@) Inenadndanynevesnisnsadunidnvesuany
vigugrInamed e snusIYnUsznaufeduauaeveugsianaaiingadulduay
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uni 4

NN1INNADILASHAYBINIINAAD

4.1 amnlglunisnaasy

Pt [ Py v = 1 Y a o
ﬂ?WWimuﬂﬂﬁﬂﬂa@ﬂL‘lJ‘Uﬂ’TW‘VI‘lWMﬂﬂ’ﬁUUVlﬂiS‘WJ’NLGU'WLEJEJN“UNQQTLJ  UIWndyy

Y]

waglaa 91t Ingldndesiavia Sony A6000 Aiflaudszey 18-105 fadlunsgninuldiiie
feamandurhesaussynliigeaudaniianumannmatevesyuiuanssiusenluludas
381281 08:00 - 17:00 u. sflanuaziBunveanin 1632 x 1088 9anw uaglwdnmni
sUuuudunwd JPEG Aflmnudn 24 Trlunuudiaesd RGB AiThmueandadunistufinamn

Duudszinaumwssduiunansnguvieuys

gadoyaningnuuseanilugadeyadeu (Training set) dmsuiludognsdayaiily

~ ° v . \ ° o & W | P g v oA
WedaauwuUIIaeY Yndoyansivaey (Validation set) d1msuilufledadayaildiiie
Uszifiuuuudiaes wazgadetanngeau (Testing set) dmsududmogrstoyanldiionaaeu
Ingluni1snsidusaussynldymaddaiaznisuendruntidnveslateviouys yadoya

Usznaumensalsing q vewmthdaveslatevisugemuinssyliludiunuisenneites

4.2 ENTNLINRDUATUBDNAKITHATTIS AT
aa r-:l' 'y j . v a 6 4{' o a v v [ .«.:941
Psawegniiauilagldninensreuiamesiiedniunisiuyatoya fail
4.2.1 8715AL75
BIgUTEHIaNE Intel ® Core™ i7-6700 CPU @ 3.40 GHz

NSALAAINANIN NVIDIA GeForce GTX 1080Ti

MUIAIND 32.0 GB
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4.2.2 gonAwIT
s3UUUURNNS Ubuntu 14.04 LTS
irsesiielunsi3ousidedn Tensorflow
Taus13vnasunIm OpenCV 3
A191 Python 3

w3oddinlunsrienauiluskngy PyCharm Community Edition

4.3 113935933UTAUsTINNIdgAAUdanelaTeai1e SSD

Tunsvnaesnsmsadusausalifgenausadelaseeuuuiiaes SSD tu duneu
nswssudeyauaznsaeuiinudAglunszuiunisnsndusausmnlieaaudalunim
fsaussynldgadudanield nsnaassindunistagldnisarelesnisiSeus (Transfer
learning) wuUSaeeilFuNsaeuaIInt (Pre-trained model) vadlulasvanvinouuou
g0m9ABuABUVMAG (Common Objects in Context : COCO) [31] TiFuninlasaasa SSD
uagfarnnuanyuy MobileNet awafigadutuvudiasadildsunisaouaraniunly
dosnunuiazadauuuaeddmituindaud Sudu mslfuuudaesiildunisaouunudn
dmsunmsuitigmiiedetutuannsoldyasusudmivnsaeululassineiivomnisld Tae
Tunsvnaesilliganmaresuuudians SSD MobileNet vi COCO fl#¥umsasuamdnan
Tensorflow zoo [32] Banuudraesiignléifugaiiudiudmiunisasuuagldsunisasy
Fududhenindeduinesousmnlifgaausa mntuuuudeesiuiutasgnlddmiunms

ausU (Inference) Tudumaun1snagey lngdunaunisnaaedlunisnsiadusaussnligan

fUdauanIReIUN 4-1
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Awddn
\ 4
ANSUTTEIEAN

b=

D

~

\ 4 @

Y S

ANSWUIYATBUR &

3 U 228}

S

SN

v o2

o 1 L% Q)

AINRUAAINILUT

v N

D

o -
ANSFADULUUING DY 2
®
2

y
ANSUSZLAULUUINADY

: W
MTBULULUUTIABY 3
s

o)
A )
(g

v e A o v
ANEARANSELAsLUAABY

sausTnilyAaUda

JUT 4-1 UWHUNMKARINTNAaRIN13nTIaduldymaudameuuudnass SSD MobileNet vi

COCO

4.3.1 nMsaseutaya

=  wva v a

TunoULINIUNITNAABY A N1TTIUTINAMYNITEITelaBeuauga w

lsanundanseaviioduiinainaesuinesausinnldeardudalaenindiginiig

(%
VYA v v

wannvagvesyafiuandsiueenivlutianansiudsinanlulude 4.1 uenanifideds
° o Y adwu = v 3 aa = = = 2
‘mm‘wmL‘UTVI‘UL!‘WﬂmsamﬁﬂWume’mazL’eJEJWU’eNm‘W 3264 x 2448 %@ﬂ"l‘waﬁﬂuigﬂzﬂﬁg

druressnusynldyandudaiaiunsanesdiu (Depth of Field : DOF) fiaupudaiasnii
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nmiignduiindendesdtviauiielWszuumsaduilannsayienldmeldanngfunndnatu
Y9aLAs i uazauaudnveanIn tesnnnmindduatuivunalng dedndudold
NIIANUTIT UL ﬁQ5uﬂ1wﬁﬂL%ﬂﬁgwm%agﬂsiammmé”;sﬂaﬁ%’u resize Tulausn3
OpenCV simdovunn 600 x 400 ganmiitefwISATEILVINM FetrayndoyaLanads

gﬂ‘ﬁ 4-2

i , . T
JUN 4-2 yadeyan wdninsaussnldyandusa

Y 9

N3aeULUUIIa09195393UTng Tuudazamdndudemsiuanuniie anugs uay
ToyauszinnusazUszinnlaglddimasalunisUndening Ssusznousienn xmin, xmax,
ymin wag ymax inszasiudindenlunisladentnguosnismaassi Ao uSmnsou
Awdenidousousnusanliyaduda dsdramle q Ssnussynliyandudamnndt 1 dudu
U fidvavdiiunmsdeunsevimasylunmsdadeninguossausmmnlifigadusanndu Taglu
mﬁmimaﬂﬂwﬂﬁé’ﬂ%’m%aﬁa labelimg [33] é’agﬂﬁ 4-3 (n) fezadredreiureninly
sULUY Pascal VOC Bsgnifuiinegluguuuulud extensible Markup Language (XML) fign

aSudmiuusiazam g XML Usznaudiegiiinvesdvdenlunisndeuing velndnm

A Y

Joyauszian uazdoyadu q Aeguel 4-3 (v) dwmsuinguaazingiusnglunw dusseny

U

¥ ' [ ¥
IS I v

wialgnlfiluamdenfiufinsstuiiugiu (Ground truth boxes) dmsunisi3euiiisuly

JUNDUNITADULALNITNAADU



57

labelimg /home /fedex/ THESIS/01_timber_dataset/resize images 600x by adjust the longer length/images/timber-1027.JPG

= Box Labels.
[ Edit Label
I~ dificutt

4
open
74 I Use defaultlabel
R |@ombe ]

Create
RectBox
Duplicate
RectBox
*x Fie
Delete
the longer lengthimages, 1011,
RectBox. fkhe longer length/images/timber-1012 PG |
the longe length/imagesntimber-1013 PG
@ khe longer length/images/timber-1014,J¢G
= the longer lengthjimagestimber 1015 J7G
Zoom In the longer length/images/timber-1016./PG
ke longer length/imagesrtimber-1017 J7G
23% the longer lengthimagesftimber 1018 JPG
Q ke longer length/images/timber-1019.J#G
c . he longer lengthyimagesftimber 102 JPG
oom - g khe longer length/images/timber-1020 %G
o X . khe longer length/imagesftimber-1021 PG
- . e . the longe lengthiimages/timber-1022 PG
Q kne longer length/images/imber-1023 G
3 - the longer lengthimagesfimber 1024 PG
& W) kthe longer length/images/timber-1025.JPG
Q < he longer lengthimagestimber-1026.J7G
“ S longer length/imagestimber-1028.J7G
103PG
Click & drag to move shape ‘timber

<annotation verified="yes">
<folder>images</folder>
<filename>timber-1027.JPG</filename>
<path>/home/fedex/THESIS/01_timber_ dataset/resize images 600x by adjust the longer length/images/timber-1027.JBG</path>
<source>
<database>Unknown</database>
</source>
<sizex>
<width>600</width>
<height>401</height>
<depth>3</depth>
</size>
<segmented>0</segmented>
<object>
<name>timber</nams>
<pose>Unspecified</pose>
<truncated>0</truncated>
<difficult>0</difficult>
<bndbox>
<zmin>103</xmin>
<ymin>49</ymin>
<xmax>482</xmax>
<ymax>321</ymax>
</bndbox>
</object>
</annotation>

(@)

JUT 4-3 nswlendeyamienisustenenn (n) wsesdlenldlunisusserenmluguuuy

nsevdwdenlun1sUndaning (v) rdlaseadha XML vesnniidenadesiuluguil 4-3 ()

o &

luyadoyaudazyndnludesdinssryunuindieiiu (Label map) Mngitesiuyn

€

i iludiulastevssdoyalszinn (Label name) Luswadiay

=,

N

e
®
2
[2)}
See
=
-3
=)W
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(Numeric id) Faluauddeiifidoyalssinnifissdauatien A soussnnlianduda fatu
Y Y 9 U

v

Label map dmiun1svaaesilagilaseainediagun 4-4 Faszydanaesnisnmaduluam

item {
id: 1
name: 'timber'

}

JUN 4-4 Tassainsvadlild Label map dmsunisnsiadusaussynldyenauda

Y
% Y

A A = YA = Y] v PN
\sedlomsieudidedn Tensorflow lunmsnsaduingseinisynteyaiogluguuuy

9

8 TFRecord @sagdreiiinuszaninmlunmsfstoyaninvndrluldlunsaou dedudise

<

Jndussadasgpdeyarianundugunuulng TFRecord Mmenisudasind XML dWulwd csv

a

AIUN 4-5 ntudadiunisasieligd TFRecord 9 ngateyald lnsyadayanimdndign

va o

I I3 v v Y] A = v °
LL‘Uﬂ'le'JﬂLUU‘Q@GZJEJJJUaﬂ@uLLﬂ%sqﬂsU@&I“ﬁ‘Vlﬂﬁ@'U QNEU‘V] 4-6 mmw%mwmmu 815 AN

Y

AMSuNISaRU (train.records) wag 400 AMNEIUSUNISNAGEBU (test.records)

s</folder>
>timber-436.JPG</{ilename>
ome/fedex/THESIS/O1_timber_dataset/resize images 600x by adjust the longe:

filename,width, height,class, xmin, ymin, xmax, ymax
timber-34.JPG, 400, 600, timber,1,85,450,430
ltimber—436.JPG, 600,400, timber,110,4,505,356
timber-942.JPG, 600,400, timber, 78,46,525, 309
timber-667.JPG, 600,400, timber,113,25,487,317
‘timber-1071.JPG, 600,400, timber,1,9,362,321
timber-465.JPG, 600,400, timber, 243, 9,528,235
timber-1079.JPG, 600,400, timber, 69,15,483,351
timber-675.JPG, 600,400, timber, 6,15,394, 349
timber-240.JPG, 600,400, timber,1,43,600,324
timber-301.JPG, 600,400, timber, 43,29,352,317
timber-922.JPG, 600,400, timber,1,17,600, 365
timber-280.JPG, 600,400, timber,244,55,596,338

SUTl 4-5 egnamsudasinidguiuy XML TS Csv iteviluasnslaid TFRecord
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( AW )

A4

MIussEennluguLuy

Awdeulun1sUndening

(XML)
v nsuvaalng XML 1T CSv
train.csv test.csv
JV n15a5719lna TFRecord v
train.record test.record
v
msaamwuﬁ’]aaﬂ

y

ANSUTLHULUUINEY

JUN 4-6 UWHUNINUARAINITUTIEIBANIAN1SUUIYATeYadmTun1saeu

A v v X v ! & 1 = ° W
LZJEJGQW‘UEJ;JUG TFRecord Qﬂﬁi’]\‘isﬂuu’ﬁ? FLUﬁ?uuf\]%ﬂaqﬁﬂx‘]ﬂ’]iﬂ'ﬂ/iu@ﬂ']@nLL‘IJi

(Parameter configuration) tdun19bU§a9an 59980 (Model checkpoint) wrunideifiu

¥
' a =

uwazld TFRecord vaauuudnaesigideldlunisnaaesi geanisimuadlunisaesuves

o U ‘ﬂl
bUUIDBILLFNINIRI1TIN 4-1
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= Y 4 o w °
AN 4-1 NNFENAEILU SV UASULUAIANMIUNTAB UKL UUDRDY

N1ASAN Ay A95U"Y ARuUT
WUUTNa0s num_classes Iurnteyausznmniuynteya 1

FIUIUTINVDIFIDY1INITADU
batch_size 24

Ao =
Nilegluynyaiie?

MikUsnAuANindin1sUsu
U ntinvedlAsssuINaaua
learning_rate . s e W 0.0004
TnulngliaudiAgydunis

goydeseiuvaanudu

N15aDU Eunalugigansivaeu
fine_tune_checkpoint e L /training/
AlgsunIsanUa Ui
train_input_config | t@unslUgelig TFRecords way
wnunthemnudmsunisasu /data/
eval_input config
LagN1sNAgeU
UG IAVDIMNUIBUTENIANE
omp_num_threads 8

[N

4.3.2 n1582U

dwsunisnaaeslunmisasuil §3delduuudiass SSD MobileNet v1 Nldsunisasu

(%
1 Y

vuataua COCO [31] 1ipda1nlaseasne SSD tuazinunnnuunaztduisriausdinas

9 Y

a

lun1sUndeuinglunsafen wazdmivanrlnenssudasealnisndidelduuuiiasy
MobileNet H998NUULILND IGINUUULDNNALATUALITNINULALLRNIE NTEUIUNITHIUINN

nsldtugaTedliveyaussianainwuuinaeilasunisasundiunuiiniedeyaussian

RV

Y

saussnnldganduda lnenszurunistagldnisnsiaduqaudnuvaenlasunisasuain

wuudnaesneuvtil Tiudfsldaudnuazvesnideillunisnsiaduteyaussinmivg

2N

lunsisuAuNIsARULUUTNGY 1B INFIdedn1salansnanIndnyienmdn
WLNZEN F9PAAULINILANTUNTADUUULATDIADUNIADS IAULSUAUIUAUNITADUBALITU
AunsUsTliukuuItaesluafieIiu Aagun 4-7 Iu8a5un157UYes Tensorboard

[9R519@UUTEANS A INVBILUUT1a0IN ke s UN1saauluN1TNAaaId NaInaLduNS dau
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[
a [ Y

11,960 soulagldiian 1 ¥alua 9 w#l 8 Fu fATedunanisgayidenavun (Total loss)

anaunde 0.7873 wazA1uuLug (mean Average Precision : mAP) Lﬁuqﬁuﬁd 1 hazAn

'
= o 1

AuEaAedIndt 1 egnwaiiles Wedunaninly Tensorboard astiiuiuuuiIae iUl

ANUNABILATUIILENNAIFUT 4-8

fedex@Fedex-ubuntu: ~/THESIS/06 object detection 2018/models-master/research

:tensorflow:global step 1305: .2173 (0.293 sec/step)
:tensorflow: step 1306: 2372 (0.291 sec/step)
:tensorflo step 1306: 2372 (0.291 sec/step)
:tensorflo step 1307: 3160 (0.325 sec/step)
:tensorflow: step 1307: 3160 (0.325 sec/step)
:tensorflo step 1368: 3321 (0.304 sec/step)
:tensorflo step 1308: 3321 (0.304 sec/step)
:tensorflo step 1389: 0406 (0.290 sec/step)
:tensorflo step 1309: 0406 (0.290 sec/step)
:tensorflo step 1310: 1888 (O. sec/step)
:tensorflo step 1310: 1888 (©O. sec/step)
:tensorflo step 1311: 0609 (0. sec/step)
:tensorflow: step 1311: 0609 (0. sec/step)
:tensorflo step 1312: 9916 (0. sec/step)
:tensorflo step 1312: 9916 (0. sec/step)
:tensorflow: step 1313: 0564 (0.284 sec/step)
:tensorflow: step 1313: 0564 (0.284 sec/step)
:tensorflo step 1314: 0903 (0. sec/step)
:tensorflo step 1314: 0903 (0. sec/step)
:tensorflow: step 1315: 4685 (0. sec/step)
:tensorflo step 1315: 4685 (0. sec/step)
:tensorflo step 1316: 1336 (©. sec/step)
:tensorflo step 1316: 1336 (©. sec/step)

HRRERRERRERROORRERRERERREERRRRR R

F Y

fedex@Ffedex-ubuntu: ~/THESIS/06 object detection 2018/models-master/research

6] tried to allocate ® bytes

2018-06-12 20:48:03.653848: W tensorflow/core/common_runtime/allocator_retry.cc:
32] Request to allocate @ bytes

2018-06-12 20:48:03.653855: E tensorflow/core/common_runtime/bfc_allocator.cc:24
6] tried to allocate © bytes

2018-06-12 20:48:03.653859: W tensorflow/core/common_runtime/allocator_retry.cc:
32] Request to allocate 0 bytes

2018-06-12 20:48:03.653863: E tensorflow/core/common_runtime/bfc_allocator.cc:24
6] tried to allocate ® bytes

2018-06-12 20:48:03.653866: W tensorflow/core/commeon_runtime/allocator_retry.cc:
32] Request to allocate @ bytes

2018-06-12 20:48:03.653870: E tensorflow/core/common_runtime/bfc_allocator.cc:24
6] tried to allocate © bytes

2018-06-12 20:48:03.653875: W tensorflow/core/common_runtime/allocator_retry.cc:
32] Request to allocate © bytes

2018-06-12 20:48:83.653902: E tensorflow/core/commen_runtime/bfc_allocator.cc:38
1] tried to deallocate nullptr

2018-06-12 20:48:03.653909: E tensorflow/core/common_runtime/bfc_allocator.cc:38
1] tried to deallocate nullptr

2018-06-12 20:48:03.653915: E tensorflow/core/common_runtime/bfc_allocator.cc:38
1] tried to deallocate nullptr

2018-06-12 20:48:83.653920: E tensorflow/core/common_runtime/bfc_allocator.cc:38
1] tried to deallocate nullptr

()
JUN 4-7 N1SBRNUAUNITARULAZTUAUNTUTEEINWUUT AT NUTEIARA ULIA

e (M) MUAUNITEDY (3) I1URIUNNSUSEEIY



PascalBoxes_Precision/mAP@0.510U

1.00
0.800
0.600
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(n)

12 00k

Losses/TotalLoss
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0.000 6.000k
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@)

image-1 image-1

image-1
step 1,687
— -

image-1

Tue Jun 122018 23:25:42 GMT+0700 (+07) step 6,827

timber: 99% timber: 89%

Tue Jun 12 2018 23:55:42 GMT+0700 (+07)

image-1

image-1

step 15375 Wed Jun 132018 00:45:43 GMT+0700 (+07)
-
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a (Y

JUN 4-8 AnuuiuguaynsgauideiavainvesiuudIags (

o

nImuaRIMITgaAeTaNe (A) NsUseliunavasnmiiegslurueaiunsaouy

LUUAIADY

4.3.3 N15NAEdY

[y

o

A1) NINBEAIAULLULT ()

62

wasanasadunsaeunds Jidelddeeenwuudiasanisaeuluguuuunsinenuiu

(Frozen inference graph) titalgluniseyuiudmsunszuiunisnagou lngd1msunis

nT193usAUTINgAaUda nmduau 815 amgnldlunisasudaiinsevdmasulunisle

doudngusznavuuwuuinasnlasunisaeuamil SSD Mobilenet vi COCO uagvnaday

MgyatoyanaaauIILIY 300 NN fe3UR 4-9 F5Taue Ae NsTIITunTARvesaiy

vougslunnaieaniesaussnnldeaauda Tudiuusnnssurunsaununy

(% [
a v

NNABINIT

(nsevawasnlunsUndeuing) vesldyadudauusaussynidivune amdiuu 300 A
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gnilunegeudsldiianlunisussanana 13 Tuniidenin wagldsuen Precision Recall uag

F-Measure A9$15197 4-2

AN197 4-2 WAANS Precision Recall way F-Measure 91nN15¢5293uiunaulaves

sausInniganauda

n13nsaduinunnaula (nseudmvaeslunistundening)

vassausInlliganduds

Precision

Recall

F-Measure

0.98

0.99
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JUN 4-9 nmaansveitnMInsindusausnldyaauimesislasasie SSD (n) a1
NAFBU (V) MNKATNTIINATNAGRU (A) NMNNAANEIINNTAANNEIURIZAUNY

saussnldlunmlagddeaniinveansevdmienlunisUadeudng
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4.4 nsuendiuninfavaslateviouyenelaseng VGG16

o
v A

lun1snaaeinswendluntiifinveslateasugatuianudAgdeseuuiiiaus

Jesnluduneuiazaninsntisusndiuganindidesnis fe fufignnmvesmingnves
Uaneviougseaniniiundazdiuilidesnsoanainam Fansiaueludunouidliisnig
Fuunynannamneaalassisasulagiunuuii (Fully convolutional network-based
semantic segmentation) ¢8uUUI1a01v04lATINY VGG16 filFFunisaeuuuynieya

Imagenet [22] Tun1suendiuganmutidinvesUatevieugslunmilasunisaeumeyntaya

'
=

sausInidganduda lnetunsunisvaaeslunisuendrumindnvesuateiougauantsisgy

4-10

4.4.1 nsiaseutaya

& < ) v v ! a v v 1

JuRULINIUNIINAaRTun1s TN TIA M Tudn wsguRe T YD 4.3.1 ui
Tumanduiunmiidmavangndevunnanleileidu resize Tulausis OpencV lvideuunn
1632 x 1088 YanmiiiaSnwgnsd VI nasiialinuazdenvaan miiisame laglu

mavnaestiyadeyasausnnldeaaudagnuusesniluyadeyaaeudiuiu 50 nmidate

o v v ° 4 & dd Y ] & dav g w
miudeyauszianduiu 2 Ussan Ae wuinidunihdnvesuaevieugauasunnldlyv

AnUanevieuganaguil 4-11 uazdmsuyntoyanaasugnuiieenidu 300 Mndayedayars

2 godiseazdeavtndavesUaeviouyslunniuanasiululuginiainaieiu

iesnyadeyaaeuiignanteifudeyausuaninduseddstesnanysyanm 12
Hlustennlunsintiomiuluudaznm msifiuaurvestoya (Data augmentation) 39
Huuuama§URunnsgrulusnuneufinmefivimidgninnltifeifivgadeyanisasy
UuugasrAnsnmmadlassionasfunisdnsiegunmlifienuvarnvaisduainys

¥ 1%

foyafeTBnisudasioyanmitugiu (Basic transformation) Tuflsrfdu Opencv fagudl 4-
12 Inglannzegedslunsdvesiiseifidnusodisnsaoureuiiees dmdunmsuendiu
wihdavesUaevieuss walansidiuguivesteyagninanldfunmluyedeyaaeudoy
50 mdainisantiedeidunagldsunadndsiuiu 550 awdwsuihluldlunszuiunis

dau
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(n) (¥)

a b a d‘ o v ¥ ¥ ! Y !
U 4-11 msusserenmamensinthederdudeyalseian lawn WU’]G]WZJ@Q‘UG']EJW@U‘QQ

Y kY

PN 1 Y o } o v v A Yo a
wagldlanidavesUaneviouss (n) awdwdlugadeyaasu (v) Mmitlasunisinde

Miudayausziny
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dl U ! l&l 1 ¥ £ 4 a U
U7 4-12 fegrensiiiunurvesteyalugadeyasaussynldyadusa

waannnswsendeyan ndiduadadu ludupsuaavinevesnswseudeyanawsy

nszuIuMsasuwuuiasndunmsivuasifanUsiddylunisaouroinuuinass femis1ei

4-3
M99 4-3 NISASAFILUSIUABULUASES UNSERULUUIIaDY
N13A9AT fauwls A195UY A3
RRIERGELY num_classes uudayalszavlugntoya 2
IUIUTIUVBINDENNTADY
batch_size ae o 2
NilegluyayaLien
MuwdsiauaNIdinisuSutmn
voslassieuntosualulagli
N1369U learning_rate o e - . 0.001
ANUEAYTUNTFEIALTEAUTD
AUTU
epochs uruseaulunszuIumsiseus 140
image_size PUIANNUNTIUAZAINNAANS | 1632 x 1088
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d‘ gj U U dl d‘ o U o !
AN 4-3 NTANAEILUINLUAS ULUAIANNIUNNTEDOULUUINRDY (A1D)

A15H9AN fawus AN95U"Y AALUS
wauynsUuNuAvesiwaudeya | 0: 10, 0, 0]
label_colors Ussnniunuiisneeagdddmsu | 1:[255, 0,
QUGN NSUENEIU 255]
num_training Twaudegslunsaou 550
num_validation Tnumegslunnsvasy 55
4.4.2 n13e0U

Ya o

nsnaaedlunisasuil Ideldmatianisaelesnisseuivulasaiigaeuligtuiuy

Y

imeuuuaeedlasiy VGGL6 Nlasunisaeudimiilag Udacity [34] uugndeoya

¥ v
A I (Y

= | o ) A & v
Imagenet [22] losaniasetioneuligtuiuunifeiuaansassyannniuaidunddn

]

yasUaevisugsaziiunililanidavestaevioussluninls nszuiunisisuainnisity

39U 4 Lagtu 7 v9lATIUY VGG N153HAUAILEAluUNAINIUITEvee Long WagAy

[18] anuuldaeuligtuvuin 1 x 1 AUSUAUUUTD AR TUAR AN YNNI LT WAL
USLLANWUUND9DY 1099 NTRASNEUNAIUNTIAITVUIMANNIININUNTT 32, 16 way 8
Wi audsdndudeaiinvrwinnmeaansliviadunindndt gavinenisiiiuauimdngn

Wldiitelilanadns lutuwsnvesiiseadaisnrouligiuazseuinudnuazmilulunm

v ' v
v A

druduninadluvedaseiietuagiieuisuisamenuidiunlasunisaeul A wui

anmmihdnvasUaneviousgalignausa

'
a a

FULBUAUNITADULUUINABIVULATBIABUNIADSLTDINTNISALANINANINAL

ey

WUBAMNSUMIZEN LAEISUFUUR U TAOULAZIURIUNTATIFd LIS a0 dluaT
ety fagufl 4-13 waziSun1svinaiuyes Tensorboard Lilonsa9aeulszansaInveq
wuusaesdilgFunsasulunisvaassi ndndliunisaouuuwuusaesdilgsunsaeu
aranthveddaseine VGG16 s1uau 140 seulagldinaneds 7.44 wifiseseu AIAEdunmNIg
geyidunisaeu (Training loss) anawniie 0.02013 uarn15gayLden15nsIvaau (Validation
loss) anasde 0.07492 mﬂﬁ?u?jqﬁwm'mqmmsaauﬁsaumiaauﬁ Lﬁawfmmmqagt,ﬁaiu

NNIATIRARUNUGUUAIgUN 4-14
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Log-End Cut-Area Detection in Images Taken from
Rear End of Eucalyptus Timber Trucks
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E-mail: noppawat.sa@student.chula ac th, suebskul p@chula.ac.th

Abstract—The visual estimation of log volume and size
distribution of eucalyptus logs on a truck is a challenging task. In
Thailand, inspectors at paper mills typically perform this task
The information is used to determine whether the logs pass the
criteria for the mill and to find the appropriate price. This
method is far from accurate and not efficient. This paper
presents a new approach to automatically detects encalypmms log-
end cut area from rear-end images of eucalyptus tmber trucks.
The method used machine learning and image processing
techniques. It consists of three parts: timber truck detection, log
segmentation, and log counting. The proposed system was tested
with 300 images of imber truck dataset and achieved an average
accuracy of 94.45% in log segmentation and 2.71% of false
negative.

Keywords—log detection; log counting; encalyptus log; image
processing; Tmage segmentation; machine vision; machine
learning;

I. INTRODUCTION

Eucalyptus provides suitable fiber to make pulp for paper
manufacturing. Eucalyptus has many useful characteristics
such as high pulp yield. high basic wood density, good fiber
properties. and fast growing. The trees can be cut for use
within 4-5 vears. For these reasons, eucalyptus are commonly
used in pulp and papermaking industries over other trees.
Therefore, the industrial demand of eucalyptus trees is rising
fast. In timber transportation. logs are loaded onto trucks and
transported to paper mills. When a truck arrives at a paper
mill, an inspector will visually estimate log diameters by using
a template. The information will be used to select the logs that
are appropriate for the mills and to determine the log price for
each truck.

In Thailand, log diameter estimation procedure is normally
performed by placing a reference diameter template on the log
ends. Then, an inspector visually estimates the log diameters
at the rear end of a timber truck using a template as shown in
Figure 1 (b). Due to the inaccuracy of human estimation,
sellers and buyers may settle at the prices that are too high or
too low. Moreover, the log size determination process is time
consuming and causes exfra labor cost.

Nowadays, advances in digital image processing. machine
learning, and other computing techniques provide methods
that may support the log-end cut-area detection and diameter
estimation. Log-end detection and measurement of eucalyptus
logs on a truck is quite a challenging task for a computer.

Most log-end cut area of eucalypfus have some similar
features such as common range of colors and textures.
However, some log-end images may be affected by
environmental and external factors such as light condition,
shade, humidity, irregular shapes of log cuts, thus, make it
more difficult for a computer for detection and measurement.

This paper proposed a log-end cut-area detection method
using Single Shot Multi-Box Detector (SSD) [10] based object
detection to detect the log ends on a truck in an image. Then
semantic segmentation using Fully Convolutional Networks
(FCNs) [11] was applied to extract each log end cut area from
its background objects and undesired objects. Finally, image
processing techniques were applied to separate connected logs
and also to count the number of log ends.

Fig 1. An example image of a timber truck and reference diameter template on
log end.

Section II describes a survey of the current vision-base in
log-end detection. Section III describes the proposed method
overview. Section IV describes how log-end cut areas were
detected by using image processing techniques combined with
machine learning approach. Section V explains the
experimental setup and shows the results. Finally, we discuss
and conclude the research work in Section VL.

II. RELATED WORKS

The works on log-end detection using algorithms on
images are relatively rare, especially, from timber truck
images. Nevertheless. there are two main appreaches to detect
logs, ie. laser-base approach and vision-base approach. For
the laser-base approach, Nylinder et al. [1] surveved Logmeter
system that performed round wood measurement using 3D
laser scanning from Woodtech Company in Chile. The method
was performed when timber trucks arrived at a station that had

078-1-5386-5538-2/18/$31.00 ©2018 IEEE



an embedded Log meter system. Then laser measuring
devices installed at three positions at the station would scan
timber trucks thoroughly. The system generated 3D
representation of timber truck. If also removed unwanted parts
from the 3D representation e.g. fruck components. MNext, the
system identified all surrounding logs by referring to the
diameters of each periphery. Finally. the system generated the
results by computing parameters from previous output. The
result contained log information such as log 3D representation,
log length, log diameter. and log volume.

For image processing approach. Rahman et al [2]
proposed a method to find log volume on timber trucks and
collect log transportation data before arrival at the sawmill.
The method used images faken from the rear end of timber
trucks to process through the three main subsystems. The pre-
processing is applied by separating Value component from
HSV (Hue, Saturation. and Value) color space. The Value
component comrespond to the brightness of color [3].
Conversely, Hue and Saturation were defined as dominant
color and purity of color [3]. The purpose of this method was
to enhance and adjust the brightness and the contrast of an
image. Then. Value properties were combined with Hue and
Samration properties. and converted an image into an RGB
image. Additionally, the system detected edges using canny
edge operation technique and dilated output edges to make
edges thicker. Then. the main subsystem of this approach is
the image segmentation. The RGB image was split into each
channel and normalized using each pixel value in each channel
divided by sum of pixel values from all channels. then
converted the normalized RGB image into an HSV image. The
system segmented logs by defining Hue range whose pixels
correspond fo logs color and kept only these pixels.
Afterwards, they used edges from a second subsystem to
superimpose on segmented log images. This method could
eliminate pixels that were not log-end cut area and separated
connected logs. Finally, they used connected component
labeling to count logs in an image and get an average of about
07% success rate in log counting,

Knyaz et al. [4] proposed an image processing approach
which improved Knyaz et al. [5] method. The aim was to
estimate the volume of log stack using a calibration tool. The
system consisted of two DSLR cameras which were located
from 2 to 20 metres from the log stack. Then, two cameras
took images and calibrated the same reference point of images
through a photogrammetric system. Gradient vector was used
to find edge in an image and set a threshold value to eliminate
weak gradient values which was less than a threshold. If the
gradient value was greater than the threshold, a binary image
was then created from gradient values. Finally. the possible
circles from contour points were created using iterative search
of local maxima. These circles were then used to find log
volume and stacking coefficient.

Mehrentsev and Kruglov [6] proposed an algorithm to
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measure round timber. The system was consisted of three
subsystems: object detection. log clustering, and log
segmentation. In object detection. Sobel operation was used to
create gradient vector components including magnitude and
direction which calculated the center of circle. Then, the
search of local maximum algorithm was applied to detect logs
in an image. This method can solve overlapping-log problem
and can detect connected logs using mean shift clustering [7].
In case of groups of logs that were separated from each other,
a graph clustering algorithm was applied on the set of detected
logs to find connected groups of logs. In log segmentation,
watershed algorithm [8] and minimum s-t graph [9] were used
to segment a region of each log. Finally, there could be some
logs which were undetected or detected incorrectly, this
system allowed manual editing to add or delete logs.

For all the mentioned log detection methods. the 3D laser
scanning was appropriate for large logs and the operation must
be performed in the place where embedded devices were
mstalled. This method was used in the countries that had
many wood industries. such as Scandinavian countries.
Besides, the rest of the three systems surveyed previously
dealt with clean log-end cut area images which had consistent
color. Most methods worked well with round log ends.

Unfortunately, there are many issues of timber truck
images which can cause difficulties to the above methods.
These 1ssues include randomly placed logs on trucks, different
colors of logs. log length. overlapping logs, cracks on logs.
shadowed on logs. and other undesired objects covering on
some logs. In addition, logs vary in sizes and shapes which are
irregular and may not be round. With these issues, the
detection of timber trucks in Thailand are typically quite
complex, especially on eucalyptus logs.

Fig. 2. Example images of variations of eucalyptus timber tracks in Thailand

. PROPOSED METHOD

In this section, a new method was proposed to detect
eucalyptus log-end cross section. The system overview is
shown in Fig. 3. Initially. the input image was taken by a
camera during daytime. The object detection was applied in
the area of inferest of the timber truck. An image was cropped
using coordinates of detected boundary. Then log
segmentation was applied to segment each log from a
background which operates by Fully Convolutional Networks



for semantic segmentation. Furthermore. an image processing
technique was applied using binary conversion. morphological
operation. and connected component labeling to separate and
count each log. The output of log counting was the already
segmented image whose log-end cut-area segments were

counted.
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Fig 3. The flowchart diagram shows the overview system of log end cut-
area detection.

The proposed system can be described in three major steps
as follows: timber truck defection. log segmentation, and log
counting.

A. Timber Truck Detection

Single Shot Multi-Box Detector (SSD) network
architecture proposed by Liu et al. [10] was applied to detect a
bounding boxes of timber trucks in an image. We labeled a
new class on timber truck images of training dataset and train
our training dataset on existing pre-trained SSD Mobilenet v1
COCO. Then, the SSD network was used to find possible
areas of bounding box which contained timber trucks at that
time. When training process finished, the next step was to test
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outcome on testing dataset and resulted in bounding boxes as
shown in Fig. 4. (a2) and (b2).

However, there might be some input images with multiple
timber trucks in an image. The system eliminated other trucks
not of interest by calculating the area of the bounded boxes.
The one with the biggest area was chosen as show in Fig. 4
(b2) and (b3). With this elimination. the system can reduce
computation cost for semantic segmentation and eliminated
undesired objects in an image. except the timber truck of
interest.

(@al) (®1)

(a3) ®3)

Fig. 4. (al) normal input image and (b1) input image with multiple timber
trucks, (a2) and (b2) detected region of timber trucks, (a3) and (b3) cropped
timber trucks.

B. Log Segmentation

The system performed the Fully Convolutional Networks
(FCNs) for semantic segmentation which was widely used to
implement the end-to-end convolutional neural network [11].
From the timber truck detection step. a detected area of timber
truck was obtained. Semantic segmentation approach was then
used to extract only the pixel area of log-end cut area. Pixels
were labeled in images of training dataset with a class of log
end and non-log end cut area. To improve the accuracy rate.
the data augmentation technique of OpenCV library was
applied to generate more quantities and varieties of training
dataset.

After the dataset preparation process, the transfer leaming
approach was used to fine-tune network parameters of existing
pre-trained VGG-16 network which was proposed by



Simonyan and Zisserman [12]. Then the FCNs was trained
base on VGG-16 with our training dataset to classify pixel
area of log-end cut area in an image The results of testing
dataset which were extracted pixels on log-end cut area were
shown in Fig. 5.

Fg 3. (a) and (b) are output mages of log segmentation.

C. Log Counting

In this step, a log counting method was proposed using
image processing techniques mostly used in OpenCV library.
Segmented images from log segmentation step might have
some log-end cut areas touching other logs and non-part of log
end cut-area appeared. Therefore, to solve the problems. log
counting was used as shown in Fig. 3.

1) Binary Image Creation

A binary image was created from segmented log end cut-
area image by performing grayscale conversion of OpenCV
library on segmented pixels. Then, global thresholding by

Otsu’s algorithm [13] was applied on a grayscale image to
convert segmented image into binary image.

2) Mophological Operation

The results of segmented image have some log-end cut area
that touched other logs. These touched or connected log-end
cut areas would be separated by using opening operation of
merphological [3] performed on binary image. The operation
created a gap between touching log ends and reduced some
noise in an image as shown in Fig 6. (al) and (b1).

3) Connected Component Labeling

The log-end cut areas were counted by using connected
component labelling function of OpenCV. This procedure
found different log-end cut areas and labeled the pixels that
were of the same log-end cut area. The result of the labeling
(counting) was shown in Fig 6. (a2). (b2). (a3). and (b3).
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Fig. 6. (al) and (b1) are results of opening operation apphied on binary
images, (22) and (b2) are results of log counting, (a3) and (b3) are
superinposed segmented on input mages.

IV. EXPERIMENTS AND RESULTS

In this section. the experiments and results are described.
The proposed method was implemented by using the
following computing resources o process on the dataset

PyCharm Community Edition IDE
Tensorflow deep learning framework
Ubuntu 16.04 LTS Operating System
Intel ® Core™ i7-6700 CPU @ 3.40 GHz
NVIDIA GeForce GTX 1080Ti1

32GB of Memory

A Timber Trucks Dataset

Timber truck dataset were collected at the entrance of a
paper mill (See Acknowledgement). The Sony A6000 digital
camera with 18-105 mm lens was used to take images of
timber trucks with variations of angles during the daytime.
The dataset was divided into a training set and a testing set for



timber truck detection and log segmentation. Dataset included
various cases of log-end cut area as mention in Section II.

For timber truck detection, 815 images were used for
training with their annotations on existing pre-trained SSD
Mobilenet vl COCO model and 300 images of testing dataset
were tested. For log segmentation, data augmentation on 50
images were applied with training dataset and achieved 550
images for training proposed. Then. we trained on pre-trained
VGG16 model for 100 epochs and took an average of 7.44
minutes per epoch. Training dataset was tested on 300 images
of timber trucks for log segmentation.

B.  Results and Discussion

The proposed method was to detect log-end cut area in
images taken from rear end of timber trucks. In the first part.
the process found bounded area (bounding box) of timbers on
the target truck. 300 images were tested. The calculated
precision, recall. and F-Measure are shown in Table L

TABLEL TIMBER TRUCK AREA OF INTEREST DETECTION

Timber Truck Area of Interest (bounding box) Detection
Recall F-Measure

1 0.98 0.99

Precision

In the second part of the process. log segmentation and log
counting were performed. The result of log counting was
examined by comparing between the proposed system and the
manual count. 300 images were tested and achieved the
average accuracy of 94.45% as shown in Table II. The
calculated precision. recall. and F-Measure are shown in Table
Im

TABLEIL LOG END COUNTINGRESULT

Log End Counting (Segmentation)
Number of images
4

Accuracy

00 94.45%

-.u

TABLEIIL  LOGENDAREA OF INTEREST SEGMENTATION

Log End Area of Interest (labeling pixel area) Seg
Recall F-Measure

0.97 097 097

Precision
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The segmented result from sample images in Table III
was very satisfied when compared with result of manual
counting. However. there were some segmented log ends
which were affected. For example. some connected log ends
cannot be separated because of continuous color and texture.
Overlapping log and crack on log end were another problem
of log end counting which both of log problems were external
factors that cannot be handled. In addition. there were some
segmented logs that were not an actual log end cut area which
caused false positive. Also. some false negative occurred
when a log end cut area was cover by some object for the cut
area was far from perpendicular to the camera lens axis. Fig.
7. shows some of the problems mentioned above.

(b1) ®2)

P @

(G)] ()

Fig 9. Samples of original and segmented mmages of log problems (al) and
(a2) connected logs. (b1) and (b2) overlapping logs, (c1) and (c2) crack on
log. (d1) and (d2) direction of log. (e1) and (e2) undesired object covered on
logs
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