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In this project, we worked on the detection and classification of objects
that are too small that they can only be recognized by their motion. With wide area surveillance of
wild birds as a target application, we collected 4K resolution videos for sea eagles around the wind

turbines and labeled bird trajectories and background parts for 768 GB videos. As a method of
detection and classification, tracking using a correlation filter of deeB feature and motion
learning by convolutional LSTM leads to a method that identifies a bird by its motion patterns
acquired by simultaneously tracking them. It achieved a performance improvement of 25.2% points from
baselines that only use still-image features. The achievements appeared as several papers, and they
will contribute to reduce the impact of wind turbines on the ecology of wild birds.



B X C—19. F—19—1, Z—19.

1. WFZEBIA Y DY =

g5 (Deep Learning) N2> B a—#
BV g R ki 0 B TRE Sk o M BE
m< kRIS pkEZ EIFEEHZED TS,
BFED X A7 (2B WL, EEFEIcEkS
< FHEORBAERMEENRR L OO, o
ZATIX, BlEHRELEORMPHSH. (4
HIIR N7 7 AN G EfRZE LN, B
HUTABINIR Y 72 FET D120, IEfifsE
ST ERIVELW.)

2015 05, Bl WA FER &
T4, ILSVRC2015 TlEIENE (2 X % ¥k
OB T — 2 BNABR Sz, Bhx R
%, &< ewiRom, B, FREkICH
WHNTE., LI LITFEIR, 71— %
HERZ EE SE 2 FESRHERENSRL —
B C, Bhx 23EIc VARSI (T
Rk 2 B e, fTERERERCIEE X
T AW GENEA TH DN, TR ES 7
Bl v MIEEE IR S end
7oL, IR 2 b 0, G759 5,
T T ET D, oL, B EMET,
B & E & B R O 2 B L7 iR
L <, BXREOMRBRIZE > T e
VN BRI LW OMT DR — 2 &
B 5720, ZNEEKRT D3R NBFED
fE2E L 72 %, ILSVRC2015 THr7-C @iz X
LRIt SR T — 2 BNAR SN, A%
ETEORDLT—ZOMMNETE 52
LD, BRI K DR AEFET HRVES
THD.

2. WHEOHM

REEEIL I E T, BIIFEEFTOE D
EEFEIROFREICH Y flATX 7. BJIRE
FICIE7 L— RIZU o7 8O F 0l 3 22
T HNRN—FAXAMTA 7B EIMLLTEY,
BOBEEREAEETHDL. AN T ~LT
— X VR T D BRE, MR MK B O]
DEELWGAETH, ROHFIZ X VEBIETT 9
ZLENRFEETHD (K1), BxEHROIEH
W2 BORESCHB OMERE D M) b 23 HE R
WCHIAEN, HREFEHICL8EoFE 3T
RN B BRENZ & 205, Ik ER % T
7T & 2 WK ARG B O B IR O R H 0wk
B OFREIZHL D K Te.

-~ v -~ >~

1 RO CKDEDHBI M EIEE/REI
3. WO L

AEEPEL, ZO0BX 3 Fo-RERTF
AR LL.

(1) WIFEEEICR AT DX, 71 —AF
EROERNOBRHEE R LS5 FIET

CK—19 (Jtm)

5 (—2H)., 7L —20FERTHLEY
REFIEMRIT 2 XBITE D Z EnE L,
7 L—AMESIIEHICHAETE 2D, 2
OIEH 2= AW TR FE 217V, TR
DOF—H kv hTHREAHR L. BiEick
J5 TEE L, A TOEX, RO
g, RO/ — N OEhE, [THFHTE DN,
RN DB X FFEIE S — FOEN X TH
5. 2T, /3— hO#EX &M\ optical flow
THIH L, 78— hO@hE 0= EE &L
¥ — > % ZhEh Convolutional Neural
Networks (CNN) (2% &, —-2?D CNN
% Boosted Forest THiA L, B & 4o
SEEITOE . BB OB IITATERR
CTHWLNDEE T — X RX—2 &, 2
NRETHDZ LR Uiz, Hik s
DOHERNDFIEE LT, BHITEBRHEO
~ L F=—72 (Caltech Pedestrian) T 2.1%7~
A4 > FOMRER LA L.

(2) ZU—ARESOFEEWITLT, K
WRE S FFMICKLER T L— A BRSO T
12, Recurrent Neural Networks (RNN) ®—->
T & % Long Short-term Memory networks

(LSTM) #HWWT, FHEL7 L— 2% % B
AR E T2 FEORRRICE Y #HATS. F)
ERETIE, RS 7L —LD AN LS
BLSTM A HWCEh X 228 L, xIg L=
NS DL EEAT O FiEERAE LE (25
H). #IEEBEMEORE VD T L i
L, 4%AKA > FOYERER L2 MR L7,

(3) BMRDOREAEAT O BE, (ITENRRER 2
EOBBEONFEEEST) EIEOE 205 &
A EBMNBE L2y B AT g,
TOMERDOEE ZHEMIZTFE I &iF
T&ERW., LEN->T, BWER0F#®RE1T O
21X, GBS RIRFCRES BER D DH. WIFE
%, BEfFOEMZ IR L TR L LTH
WS, TAEBITEEE & B RIRICIT O F
BEEE L (Z2H). B4EED LSTM @
5y & B ORI OFHICLVE L2
BiA LSTM TR L, iBER RS E TS 5
¥~ 7 ECOMBET A VX ITEVIT
ST, FBRELT, MIEZEBLAENLZD
B & R — N L0 BRI % 5
SHDHZEICHEI Lz, b EE R D %
AW FiEE gL, FUESOEBEFE %
o2 BE T 252%4 A~ ~ OYERER %
&=,

4. WrIERLE

(1) ~ (3) W EHT—2& LT, H
FECREEZEHET LA L Do
T, Ab#EE ERTETIC BN TR — 2 H 2 Y &
HELD O T VA xR E LT 4K OB E
OEEIELITV, ZTOHIHL=AHDF—#
768GB |Zx} L CTHRATT 2 S OB 0 St D
IR T BTN T Lz, K2 I1I2E)
B FRERIEE 2R, T — X IR S R



| Thermostat

2 : BHEECERERIE

| Heater

.80
B4
50

™

\'\.
= 10.509 MultiFtr+Muotion \

0467 ACF R,
0.373 ACF+5Dt "
0.298 ACF-Caliech+
0.248 LDCF

0.209 TA-CNN
—0.188 CCF
===0.179 CCF+SDt

Miss rate (MR)
' B

=]
T

.05 | | ====0.171 Checkerboards+

0167 TwoStream (ours)

109 10"
False positives per image (FPPI)

X3 : JL—ARBEDCKLDIREFEDMERE

103 102 107

4 JL—ABZEDOFENHRIILTND
B, FROIRY O XN ERER & Boosted
Forest DR HHER, BMMERFEDREFER,
BENEDAEISETHB.

THEMRsn.

(1) 7 b—LAMESOFIETIE, AHEHO
~ > F~—7 (Caltech Pedestrian) (233 T,
BRI (2016 4F) CHAR =47 OFRERIERE 2
R L7= (average MR=16.7%). [X 3 (Z1fE
DFEAZ R Mt Wk & L= (Miss Rate),
R 25 ) 4 — Ko 2 7= 0 OB ¥ (False
positives per image) Td 5. Mhlha 2L S+
7o & & Ol )73 average MR TH 0, ML
BIOEAEN 2 dH 75, CCF (REFH M E
& Boosted Forest DFHAA ) & bt L C,
RETIEIL 2.1%K 1 > b OEgER EARS
no. ERHMRBE)EOFE (CCF+SDY) T
I% average MR 7% 17.9% CdH > 7= DT, IRET

5 : BEESOEBET —IN—ADE

80
64
o 50
-~
o
= 40
w
sn
E .30
———67% CNN-single-pos
20 | —— 62% CNN-average-pos
58% CNN-LSTM-pos

107 10°
false positives per image

6 : AR LSTM (CKDEDIRIE4HE

BETINEDE 12%K A > ha ETEx5 2
EDNID . MAICREFIEORDHZ T
Z ORRITE SR SGEICE R TH Y, 2018
45 A2 Major revision %z #F& L7=.

(2) 2FEAM LSTM OFETIE, HiE b
PER L7 BB O F~— 27 TR
Lz, RoF~—27 OEgE %2 5120w,
FriEB OIS FIE (27 L—AIE-
T CNN O &Y%+ %) Libigl, 2016
RIS THEWAR A~ F OPEREM &R LT,
PEREIIARG I L > CTRAR DN, T_TOME
BEZEATERTIE, K6IR-T X1,
CNN ®E¥J (CNN-average) 2% average MR C
62% T & o 7= DI Kkt L, 4% F ik
(CNN-LSTM) TliX58 %THY, 4%KA
rom ENRSND. ZOREITESIEED
ERESERICBRIR S 7.

(3) BHFE A [FFRHZAT O FIETIE, B
EEOOEBEONRFw—r b, BEFEOR
02— OFRATENE TR L7z, B ot
ZR 7T, K7, K6 HETaho
T&H Y, HOG tracker + AlexNet 23EEfF D BT
i & FR IR OAITEES S FiE (K618
7 % CNN-average), HOG tracker + LRCN 73

(2) KB (X 6I2381F 5 CNN-LSTM) (2
W25, FRIEERFEOAIES R, (2)



m
Q

@
i

m
Q

L)
t=1

Miss rate (MR)

= = 58 8% HOG tracker + AlexNet
= = 3T, 01% HOG tracker + LRUN
201 — 33.6% RCN (Alex)

— 26.8% RCN (VGG)

102 102 0
False positives per image (FPPI)
Reasonable subset (40 pixels —)
K7 : & SBMOERRHHERE (C KD R0

X8 : Bt SBHORBEE (CLDIE/RBD
Bl AL>BOREH&IEOEHEEEZRL,
FORY AN RHEETEDOXITZHAEL
BDTHD. BE~EDRY I (FREL
eI TRAIOT7hAEVED, BEIFEVNS
DOERL, BEEDICLDERE SNIIZ#E
BICEETROAT[IFARENTLNS. Bk
H1 X (& 4K TH D, BEfEEZ 20 EOIL
BETHS.

DHE, ORI LB 6 &l LT average
MR 2830f ELTHY, ZIUTEICHFHFFE D
FIFHENRT A =2 LS. SHITIREL

X9 : BEHOH. EOBEKICHNT, BN
REUCBIERICXDHER, BENTEDOMNIT,
7" HOG H#E(C L DEHERDERTH S.
TOEFRSL, REFECKDIBHUIZESR
DITHD. BIRETHFBUZHFHEZAL)
TWBTZSH(C, REFESEFRREDSHEE
ZTRE (DB TED.

T FETH 2B & R OFRIFFHEE (M6 o
RCN) 2k v, average MR I 26.8%(Z £ TIf)
L U7z, EIEEREFR OIS FE (HOG
tracker + AlexNet) 2»H g L CRI IR E D
CNN %1{# 7= RCN (Alex) T1% 25.2%7 1 >
b D EAE5T-.

R U 7= i 2 X 8 12, BBk B oo &
X9z, ZNFiurd. K8IZRT LI,
kB O LTI, B E D 0 AR S
HLWEHBS THER 7 L —AICELE XD
FAICE Y EomHBICKI LTS, 72,
X925, BEFOBHER TIET ICRELS T
LEILOIBRBOBBIIKHIL TS Z &
MEYIND . ZOREE, arxiv ICEREHEATH
D ((Zofh]) oV 27HBW), FCHSTEE~
OEFEEHER L TN 5.

5. EAsEdin L%
(WFFee . oy K OSBRI 92 5 12
=)

GdEsssms) Gt 2 fh)

@ R. Yoshihashi, R. Kawakami, M. Iida, T.
Naemura, “Bird detection and species
classification with time-lapse images
around a wind farm: Dataset
construction and evaluation.” Wind
Energy, Wiley, & &t A, 20(12): 1983-
1995, 2017, DOI: 10.1002/we.2135.

® A. Takeki, T. T. Trinh, R. Yoshihashi, R.
Kawakami, M. Iida, T. Naemura,
“Combining deep features for object



detection at various scales: Finding
small birds in landscape images.” IPSJ
Transactions on Computer Vision and
Applications, 8(5), #&tf, 2016, DOI
10.1186/s41074-016-0006-z.

(Fa¥EEKR] G 8 1)

D Tu Tuan Trinh, Ryota Yoshihashi, Rei
Kawakami, Makoto lida, Takeshi Naemura,
“Bird Detection near Wind Turbines from
High-resolution ~ Video using LSTM
Networks.” World Wind Energy Conference
and Exhibition (WWEC2016), Tokyo,
October 2016.

@ Akito Takeki, Tu Tuan Trinh, Ryota
Yoshihashi, Rei Kawakami, Makoto lida,
Takeshi Naemura, “Detection of small birds
in large images by combining a deep
detector with semantic segmentation.” In
Proc. of IEEE International Conference on
Image Processing (ICIP2016), 2016.

@ # 3, mH R, i sek, JILE
B, U b, IR SEES, AR Rk
KR DT O DZEFMARIZI 1T S CNN (2
BSOS AR BIGEAT o THBE Y
R A (IMPS2017) P-1-6 (2017.11).

@ EHE, mHEFH—E, HEaK, )L,

LAY
FHE
HEFIZ -
T

FiSNE
HFEEHA A -
ENS ORI

OBf#RIL G )

LAY
LR
HEFIZ -
T -

He
IEHEH A
E NS DB

(£ D)

R B

FZEREEHP
http://www. nae—lab. org/ rei/research/re
search. html

K &BER O RIRHEE
https://arxiv. org/abs/1709. 04666

JINBSERE, AT, “HBrEEREICmIT -
R — 2 X 5 2Rl o & 4R
~DOJSH 5 23 FEfE v
AT 2SS, 1S1-07, June 2017.

® Fv bvTrrhyv—, 5 uX, JILE
B, L Al R K, mA R TEMIR
MDD LSTM X U —27 12k %
i B X ROFEE", EFEHE®
PRMU2016-233, vol. 116, no. 528, pp. 221
- 226 (2017.3).

® fEH BB, 5 s, JILE B, fRE
Ak, AT SRR O 72 OFHIEE K
Z ZRAmfE R & L7= CNN (T & %t oy,
LR IEH A T « 7TAHE IR K4S, 24D-4
(2016.09).

@ MK TN, F buTr by—, 518
SuR, JILE E, fRHE B, SR CERRE
KA OMAE DRI X D e B2 e
7R —iE s gl hE< 5D
BORE—", B O - Bk Ry
7 2 (MIRU2016) , PS2-05 (2016.8)

Tran Hoang Ba, &% oK, JIlLE #, #K
H o3k, wfT i MR RS
B L7-a A RO | BB, SSIILG,
1S2-35 (2016.6).

(X GF )

(PESEIA PEHE]
Ok Gt )

6. WAL

(1) WFgEfR s

JIl % (KAWAKAMI, Rei)

HRURSE « KREZEGEE I T 2R 7R « BT
AT

WFgeE 35 : 90591305

(2) WFFE s
( )

HRER

(3) HLAE R FEE
( )

WHIEHE &
(4) et 7178


http://www.nae-lab.org/~rei/research/research.html
http://www.nae-lab.org/~rei/research/research.html
https://arxiv.org/abs/1709.04666

