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ྀͨ͠ߟͷΞςϯγϣϯใΛۭؒ࣌ Graph Convolutional Networks ʹΑΔಈ࡞ೝࣝʹؔ͢Δڀݚ

TP19008 നࠀढ़ Լོٛࢁतɿڭಋࢦ

1.͡Ίʹ
σʔλਓؒͷಈ͖Λଊ͑Δ͜ͱ͕Ͱ͖Δ͜ͱ֨ࠎ

, ೝࣝ࣌ʹ͓͚ΔڥࢹͷมԽʹର݈ͯ͠ؤͳར͕
͋Δ. σʔλΛ༻͍ͨGraph֨ࠎ Convolutional Networks
(GCN) ʹΑΔैདྷͷಈ࡞ೝࣝͰ, ਓؒͷ֨ࠎύλʔϯͰ
άϥϑߏΛࣄલʹఆٛ͢ΔͨΊ, ಈ࡞ಛ༗ͷؔઅؒͷؔ
.Ͱ͖ͳྀ͍ߟΛੑ ·ͨ, ೝࣝʹ͓͚Δؔઅͷॏཁಈ
.ͱʹҟͳΔ͜ͱ͕༧͞ΕΔ͝࡞ ຊڀݚͰ, ؔઅͷॏ
ཁͱؔੑΛྀͯ͠ߟಈ࡞ೝࣝΛ͏ߦ Spatial Temporal
Attention Graph Convolutional Networks (STA-GCN)
ΛఏҊ͢Δ. STA-GCN, ϑϨʔϜ͝ͱͷؔઅͷॏཁ
ͱ, ಈ͝࡞ͱͷؔઅؒͷଓؔΛ֫ಘ͢Δ. ॏཁΛಛ
ϚοϓʹॏΈ͚͠, ଓؔΛ༻͍ͯάϥϑΈࠐΈ
ॲཧΛ͜͏ߦͱͰ, ॏཁͱؔੑΛྀͭͭ͠ߟೝࣝΛߦ
͏. ·ͨ, ϚϧνϞʔμϧֶशʹ͓͍ͯMechanics-stream
,Λಋೖ͠ߏ .Δ͢ݱਫ਼ԽΛ࣮ߴ

ೝࣝ࡞σʔλ͔ΒͷGCNΛ༻͍ͨಈ֨ࠎ.2
,ʹೝࣝ࡞σʔλ͔Βͷಈ֨ࠎ GCNΛ༻͍ͨख๏Ͱ͋Δ

Spatial Temporal GCN (ST-GCN) [1]͕͋Δ. ST-GCN
, ಉҰϑϨʔϜͷؔઅΛ݁Ϳۭؒάϥϑͱ, ྡϑϨʔ
ϜͷಉҰؔઅΛ݁Ϳؒ࣌άϥϑͷ 2ͭͷάϥϑߏ (ਤ 1)
Ͱ֨ࠎσʔλΛද͢ݱΔ͜ͱʹΑΓ͍ߴೝࣝਫ਼Λୡ͠
ͨ. ͔͠͠ͳ͕Β, ST-GCN, ۭؒάϥϑͷଓؔ ES

Λ֨ࠎύλʔϯH Ͱఆ͍ٛͯ͠ΔͨΊ, ಈ࡞ಛ༗ͷؔઅؒ
ͷؔੑΛྀߟͰ͖ͳ͍. ·ͨ, ಈ࡞ؒ࣌͝ͱʹมԽ͢
ΔؔઅͷॏཁදݱͰ͖ͳ͍ͱ͍͏͕͋Δ.

空間グラフ：ES = {vti, vtj |(i, j) 2 H}
<latexit sha1_base64="Agw0HGDAh3iEqbKTurGdvpX284A="></latexit><latexit sha1_base64="Agw0HGDAh3iEqbKTurGdvpX284A="></latexit><latexit sha1_base64="Agw0HGDAh3iEqbKTurGdvpX284A="></latexit>

ノード：V = {vti|t = 1, . . . , T, i = 1, . . . , N}
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EF = {vti, v(t�1)i}
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時間グラフ： !：フレーム
"：ノード数

#：骨格パターン

ਤ 1: ST-GCNʹ͓͚Δ֨ࠎσʔλͷάϥϑදݱ

3.ఏҊख๏
ؔઅͷॏཁͱؔੑΛྀͯ͠ߟಈ࡞ೝࣝΛ͏ߦ Spa-

tial Temporal Attention GCN (STA-GCN) ΛఏҊ͢Δ.
STA-GCNؔઅͷॏཁͰ͋ΔAttention nodeͱ, ؔઅ
ؒͷؔੑͰ͋ΔAttention edgeΛ֫ಘ͢Δ. ֫ಘͨ͠At-
tentionΛྀͭͭ͠ߟೝࣝΛ͏ߦ. ·ͨ,ϚϧνϞʔμϧֶश
ʹ͓͍ͯMechanics-streamߏΛఏҊ͢Δ. Mechanics-
streamߏ, ֤Ϟʔμϧֶ͕ྗͭ࣋తಛੑͷεέʔ
ϧͷҧ͍ʹͱ͍ͮͯωοτϫʔΫΛߏங͢Δ.

3.1 STA-GCNͷωοτϫʔΫߏ
ਤ 2 ʹ STA-GCN ͷωοτϫʔΫߏΛࣔ͢. STA-

GCN , Feature extractor, Attention branch, Percep-
tion branchͷ 3ͭͷϞδϡʔϧͰߏ͢Δ. ֤Ϟδϡʔϧ
ʹؚ·ΕΔ STGC-blockͰ, ۭؒάϥϑͱؒ࣌άϥϑͷ
άϥϑΈࠐΈॲཧΛ͏ߦ. Feature extractorʹ 2ͭͷ
ϞʔμϧΛೖྗ͠, ਓؒͷ֨ࠎύλʔϯ Askeleton Λۭؒ
άϥϑͱ͢Δෳͷ STGC-blockʹΑΓ֤Ϟʔμϧͷಛ
ϚοϓΛ֫ಘ͠, ݁߹͢Δ. Attention branch, ؔઅͷॏ
ཁΛද͢Attention nodeͱ, ؔઅؒͷॏཁͳؔੑΛද
͢Attention edgeΛಛϚοϓ͔Β֫ಘ͢Δ. Perception
branch, Attention nodeͱ Attention edgeΛྀͭ͠ߟ
ͭ, .ऴతͳΫϥε֬Λग़ྗ͢Δ࠷ ֶश, 2ͭͷϒϥϯ
ν͔Βͷग़ྗʹରͯ͠ΫϩεΤϯτϩϐʔࠩޡͰଛࣦΛٻ
Ί, ଛࣦͷΛωοτϫʔΫͷֶशࠩޡͱͯ͠༻͍Δ.

3.2 Spatial Temporal Attention Graph
Attention node M(XFE

out) ؔઅ × ϑϨʔϜͷ 2 ݩ࣍
ϚοϓͰ͋Γ, ಈ࡞ಛ༗ͷؔઅͷॏཁΛϑϨʔϜ͝ͱʹ
දݱͰ͖Δ. ֫ಘͨ͠ Attention node  Attention ߏػ
Λ༻͍ͯ Feature extractor͔ΒͷಛϚοϓXFE

out ө
͠, Perception branchͷೖྗͱ͢Δ. ࣜ (1)ʹ Attention
.Λࣔ͢ߏػ

X′
out = M(XFE

out) ·XFE
out (1)
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ਤ 2: Spatial Temporal Attention GCN

Attention edge,ಈ͝࡞ͱͷؔઅؒͷॏཁͳؔੑΛද
͢ྡྻߦͰ͋Δ. ֫ಘͨ͠Attention edgePerception
branchʹ༩͑Δ. Perception branchͰ, Attention edge
Aattention ͱਓؒͷ֨ࠎύλʔϯ Askeleton ʹΑΔάϥϑ
ΈࠐΈॲཧΛ͏ߦ. Perception branchʹ͓͚Δೖྗಛ
 Xin ʹର͢ΔۭؒάϥϑΈࠐΈॲཧΛࣜ (2)ʹࣔ͢.
Mskel,Wskel,Watt ॏΈྻߦͰ͋Δ. Q hopͰ͋
Γ Q .Εͨؔઅ·ͰΛ݁Ϳݸ K ಈ͝࡞ͱʹੜ͢Δ
Attention edgeͷͰ͋Δ. ຊڀݚͰ Q = 3,K = 4ͱ
͢Δ.

Xout =
Q∑

q

Mskel
q ◦ Âskel

q XinW
skel
q

+
K∑

k

Âatt
k XinW

att
k

(2)

Attention nodeͱAttention edgeʹΑͬͯؒ࣌త,ۭؒ
తͳಛΛڧௐͰ͖, 2ͭͷAttentionΛΈ߹Θͤͨάϥ
ϑදݱΛ Spatial Temporal Attention Graph (Attention
graph)ͱݺͿ.

3.3 Mechanics-streamߏ
Mechanics-streamߏ (ਤ 3), ϚϧνϞʔμϧֶश

ʹ͓͚ΔωοτϫʔΫߏͰ͋Δ. ຊڀݚͰ, ؔઅ࠲ඪ
͔Βؔઅ, ؔઅՃ, ,ใࠎ ,ࠎ ࢉՃΛࠎ
ग़͠ωοτϫʔΫͷೖྗͱ͢Δ. ,ใࠎ ؔઅؒͷڑ
Ͱ͋Γؔઅؒͷํද͢ݱΔ. ใۭؒతͳࠎඪ࠲
Ґஔͷใ, Ճؒ࣌తͳҠಈྔͷใͰ͋Γ,
֤Ϟʔμϧ͕ͭ࣋ಛੑʹҧ͍͕͋Δ. ·ͨ, ,ඪ࠲
Ճͷεέʔϧ͕ҟͳΔͨΊ, ಉ͡ωοτϫʔΫͰ
ͷֶश͕ࠔͰ͋Δ. ͦ͜Ͱ, ֤Ϟʔμϧֶ͕ྗͭ࣋తಛ
ੑͷεέʔϧͷҧ͍ʹͱ͍ͮͨ Mechanics-stream
.ΛఏҊ͢Δߏ Mechanics-stream ߏ 3 ͭͷωοτ
ϫʔΫΛ༻ҙ͠, ಛੑͷεέʔϧ͕͍ۙϞʔμϧΛೖ
ྗͱ͢Δ. ֤ωοτϫʔΫಠֶཱͯ͠शΛ͍ߦ, ֤ωο
τϫʔΫ͔ΒಘΒΕΔΫϥε֬ΛΫϥε͝ͱʹ߹͢ܭΔ
͜ͱͰ࠷ऴతͳΫϥε֬ͱ͢Δ.

Acceleration network
関節加速度

骨加速度

関節座標

骨情報
Coordinate network

Velocity network
骨速度

関節速度

ਤ 3: Mechanics-streamߏ

4.ධՁ࣮ݧ
ఏҊख๏ͷ༗ޮੑΛ֬ೝ͢ΔͨΊʹධՁ࣮ݧΛ͏ߦ. σʔ

ληοτʹ NTU-RGB+D [2]ͱ NTU-RGB+D120 [3]
Λ༻͍Δ. NTU-RGB+Dؔઅ 25ͷ ඪ࠲ݩ࣍3 (X,Y, Z)
Λͭ࣋ಈ࡞ೝࣝ༻ͷσʔληοτͰ͋Γ, ಈ࡞Ϋϥε
60 Ͱ͋Δ. ධՁํ๏, 40 ໊ͷඃऀݧͷσʔλΛֶशͱ
Ͱ͚Δূݕ Cross subject (x-sub) ͱ, Ө͠ࡱΒ͔3ํ
ͨσʔλΛֶशͱূݕʹ͚Δ Cross view (x-view)͕͋



(a) Throw (b) Kick (c) Drink
ਤ 4: Attention graphͷՄࢹԽ: ؔઅͷ৭ Attention nodeʹͱ͍͓ͮͯΓ, ͍΄Ͳॏཁ͕͘ߴ, ੨͍΄Ͳॏཁ

͕͍. ͍ઢ Attention edgeΛ͓ࣔͯ͠ΓॏΈͷେ্͖͍Ґ 30ຊͷΈΛඳը͍ͯ͠Δ.

ද 3: ϞʔμϧͷΈ߹Θͤͷҧ͍ʹΑΔೝࣝਫ਼ [%]: ୯ҰͷωοτϫʔΫͷೝࣝਫ਼ (Ind. net) ͱ streamߏΛߏ
ஙͨ͠ͱ͖ͷೝࣝਫ਼ (X-stream). ධՁ NTU-RGB+Dͷ Cross subject.

Input data
w/o Attention w/ Attention

Ind. net X-stream Ind. net X-stream
Joint (coordinate, velocity) 86.0

87.1
86.2

87.2
Bone (coordinate, velocity) 86.1 86.3
Joint (coordinate, velocity, acceleration) 86.7

87.8
85.7

86.7
Bone (coordinate, velocity, acceleration) 86.7 85.8
Coordinate (joint, bone) 87.5

89.3
88.6

90.1
Velocity (joint, bone) 85.6 87.0
Coordinate (joint, bone) 87.5

89.1
88.6

89.4Velocity (joint, bone) 85.6 87.0
Acceleration (joint, bone) 74.6 77.2

ද 1: ैདྷख๏ͱͷೝࣝਫ਼ͷൺֱ [%]
NTU-RGB+D NTU-RGB+D120

Methods x-sub x-view Methods x-sub x-setup
ST-GCN 81.5 88.3 2s-ALSTM 61.2 63.3
AS-GCN 86.8 94.2 BPEM 64.6 66.9
2s-AGCN 88.5 95.1 SkelMotion 67.7 66.9
AGC-SLTM 89.2 95.0 TSRJI 67.9 62.8
DGNN 89.9 96.1 ST-GCN 72.8 75.4
STA-GCN 90.1 95.8 STA-GCN 83.9 86.5

Δ. NTU-RGB+D120  NTU-RGB+D ʹ 60 ͷಈ࡞Ϋ
ϥεΛՃͨ͠େنͳσʔληοτͰ͋Δ. ධՁํ๏,
Cross subjectͱ, Χϝϥͷ͞ߴඃऀݧͱͷڑʹΑͬͯ
ׂΓͯΒΕͨ IDΛ༻͍ͯσʔλΛֶशͱূݕʹ͚Δ
Cross setup (x-setup)͕͋Δ.

4.1 ैདྷख๏ͱͷೝࣝਫ਼ͷൺֱ
ද 1ʹ, ैདྷख๏ͱͷೝࣝਫ਼ͷൺֱ݁ՌΛࣔ͢. Ͳͪ

Βͷσʔληοτʹ͓͍ͯఏҊख๏ͷೝࣝਫ਼, ैདྷ
ख๏ͱൺֱͯ͠ೝࣝਫ਼ͷ্, ·ͨಉͷೝࣝਫ਼Λ
ୡͨ͠. STA-GCN, ಈ࡞ಛ༗ͷಛΛڧௐ͢Δ͜ͱ
Ͱྨͨ͠ࣅಈ࡞ͰҟͳΔಛΛ֫ಘͰ͖ΔͨΊ, ೝࣝਫ਼
ͷͨ͠ݙߩʹ্ͱ͍͑Δ.

4.2 Attention graphͷՄࢹԽ
STA-GCNʹΑΓ֫ಘͨ͠Attention graphΛਤ 4ʹࣔ

͢. ͛Δಈ࡞ (ਤ 4(a)), Τοδ͕ӈʹूத͍ͯ͠Δ.
ӈͷॏཁಈ࡞தʹঃʑʹ͘ߴͳΓ, ͛ऴΘΔͱॏ
ཁ͕͘ͳΔ. ऽΔಈ࡞ (ਤ 4(b)), ऽΓग़͢٭ʹର͠
ͯΤοδ͕ूத͢Δ. ͜ͷ͜ͱ͔Β, ಈ࡞ಛ༗ͷ Attention
edgeΛ֫ಘͨ͠ͱ͍͑Δ. ҿΉಈ࡞ (ਤ 4(c))͛Δͱ
ಉ༷ʹӈΛॏཁ͍ͯ͠ࢹΔ. ͔͠͠ͳ͕Β, ҿΉಈ࡞ͷ
,ͷॏཁҰ؏͍ͯ͠ͷʹର͠٭ ͛Δಈ࡞ମॏҠ
ಈΛͨ͏ߦΊ٭ͷॏཁ͕͘ߴͳΔ͜ͱ͔Β, ಈ࡞ಛ༗ͷ
Attention nodeΛ֫ಘͨ͠ͱ͍͑Δ.

4.3 Ablation study
Attention graphͷैདྷख๏ͷద༻: ද 2ʹ, Atten-
tion graph Λैདྷख๏ద༻ͨ͠ͱ͖ͷೝࣝਫ਼Λࣔ͢.
ද 2͔Β, Attention edge, ͓Αͼ Attention nodeͷΈΛ
ద༻ͨ͠΄΅શͯͷ߹Ͱೝࣝਫ਼ͷ্Λ֬ೝͰ͖Δ. ·
ͨ, શͯͷैདྷख๏ʹ͓͍ͯ Attention edgeͱ Attention
nodeͷ྆ํΛద༻ͨ͠߹ʹ࠷ೝࣝਫ਼͕͘ߴͳΔ. ͜
ͷ݁Ռ͔Β, Attention graph ೝࣝਫ਼ͷ͠ݙߩʹ্
͓ͯΓ, ྆ํΛಉ࣌ʹద༻ͨ͠߹ʹ࠷ޮՌతͰ͋Δ.

ද 2: Attention graph ͷैདྷख๏ͷద༻݁Ռ [%]:
ධՁ NTU-RGB+Dͷ Cross subject.

Attention Attention
ST-GCN AS-GCN 2s-AGCN

edge node
× × 81.5 86.8 88.5
! × 84.1 86.9 89.2
× ! 82.8 86.8 89.1
! ! 84.8 87.0 89.3

ϞʔμϧͷΈ߹Θͤͷҧ͍ʹΑΔೝࣝਫ਼: ද 3ʹ, ೖ
ྗϞʔμϧͷҧ͍ʹΑΔೝࣝਫ਼Λࣔ͢. ද 3͔Β, ඪ࠲
ͱΛಉ͡ωοτϫʔΫͰֶश͢ΔΑΓ, ผʑͷωοτ
ϫʔΫͰֶशͨ͠ํ͕ೝࣝਫ਼͕͘ߴͳΔ. ͜ͷ͜ͱ͔Β,
Mechanics-stream .ͷ༗ޮੑΛ֬ೝͰ͖Δߏ ͔͠͠ͳ
͕Β, ՃΛೖྗ͢Δ߹Ͱೝࣝਫ਼͕Լͨ͠. Ճ
ͷεέʔϧ͕খ͘͞, ೝࣝͷͨΊͷेͳಛ͕
ؚ·Ε͍ͯͳ͍͜ͱ͕͑ߟΒΕΔ.

5.͓ΘΓʹ
ຊڀݚͰ,ؔઅͷॏཁͱؔੑΛྀͯ͠ߟಈ࡞ೝࣝΛ

͏ߦ Spatial Temporal Attention GCNΛఏҊͨ͠. ·ͨ,
ϚϧνϞʔμϧֶशʹ͓͚ΔϞʔμϧͷಛੑͷҧ͍ʹͱ
͍ͮͯωοτϫʔΫߏங͢ΔMechanics-streamߏΛఏ
Ҋͨ͠. ධՁ࣮ݧͰ, ఏҊख๏͕ैདྷख๏Λ͑Δೝࣝਫ਼
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Study of 3D Object Detection with Normal-map on Point Clouds
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1.Introduction
Object detection is one of the most crucial tasks in

autonomous driving. In this task, both accuracy and
speed are important. There are various methods have
been studied to improve accuracy while accelerating the
detection speed. Although RGB images captured by
cameras are used for object detection, point clouds cap-
tured by LiDAR are also used for this task. Because
it is insensitive to visible light and can capture objects
day or night. However, point clouds are sparse and dif-
ferent from images in that the order is irregular, leading
to a slow processing speed as 2D convolution cannot
be performed directly. Surface normals extracted from
the points have a better ability to represent the shape
features of the object than 3D coordinates, which we be-
lieve will improve the performance of object detection.
In this study, we propose a novel point clouds-based 3D
object detection method for achieving higher-accuracy.
The proposed method employs You Only Look Once
v4 (YOLOv4) as a feature extractor and gives Normal-
map as additional input. Our Normal-map is a three
channels Bird-eye view (BEV) map, retaining detailed
surface normal vectors. It makes the input information
have more enhanced spatial shape information and can
be associated with other hand-crafted features easily.

2.Bird-eye View Representation
The BEV map represents the point clouds as a 2D

pseudo-image from the bird-eye view as shown in Figure
1. This approach converts the unordered point clouds
into a sequence ordered image. Conventional meth-
ods are to generate three maps by a mapping function
PΩi→j , representing normalized point cloud density (R),
maximum height (G), and maximum reflection intensity
(B), as

zr (Sj) = min(1.0, log(N + 1)/64)N = |PΩi→j | ,
zg (Sj) = max

(
PΩi→j · [0, 0, 1]T

)
,

zb (Sj) = max (I (PΩi→j)) .
(1)

Since 2D convolution can be applied to the BEV map,
the detection task can be accelerated by using a fast
object detection network such as YOLO[1]. However,
different points may be arranged to a same pixel in the
BEV map, which is less expressive than original data.
Besides, the object shape will be lost due to the 3D data
is compressed to 2D.

Figure 1 : Bird-eye View Representation.

3.Proposed Method
We propose a method for 3D object detection using

BEV map with additional normal information. Figure
2 shows an overview of the proposed method.

3.1 Normal Feature Extraction
The normal vector is estimated from the pre-processed

point clouds by Principal Component Analysis (PCA)
with the search radius of 30cm and the maximum search
number of 50 points. To make all normals point in the
same direction, the normals opposing the LiDAR are
reversed by an orienting system. Normal-map is gen-
erated for enabling the 2D convolution of each point’s

Figure 2 : Overview of Proposed Method.

normals. The mapping function fPS shown in Eq. (2)
is used for creating the Normal-map, which allows us to
use the normal vector !xɼ!yɼ!z of the highest point in
PΩi→j when mapping each point into 2D space.

PΩi→j =
{
PΩi = [x, y, z]T |Sj = fPS(PΩi, g)

}
(2)

As shown in Eq. (3), the normal vectors of each point
are extracted as normal!xɼnormal!yɼnormal!z from the
PΩi→h for each axis. The normal vectors are represented
by a 3-channel 2D pseudo image, as

normal!x(Sj) = !x (PΩj→h) ,
normal!y(Sj) = !y (PΩj→h) ,
normal!z(Sj) = !z (PΩj→h) .

(3)

Since the search range of the normal estimation is wider
than the pixel representation range of the BEV map,
it can include a wider range of information. Moreover,
since the normal-map calculated from the normal vec-
tors is also a BEV map, it can be freely combined with
other BEV maps to be used as the input data.

3.2 Input Details
Our network uses RGB-map and Normal-map as in-

put. The RGB-map is similar to the BirdNet[2], and
consists of the height map, the density map, and the
intensity map. The Normal-map is the normal vectors
in the x, y, and z axes. Thus, the input is a 6-channel
BEV map consisting of these maps concatenated in the
channel axis.

3.3 Object Detection Network
The network predicts the class and size of an object

with the Euler-Region Proposal Network (E-RPN) for
3D object detection as shown in Figure 3. We employ
YOLOv4 as the basis network for 3D object detection.
E-RPN predicts the height, width, angle, objectness,
and class probability of the bounding box coordinates.
In this study, the number of object classes is 6: Car,
Van, Truck, Person, Cyclist, and Tram. The loss func-
tion is based on Mean-Square Error.

Figure 3 : Normal-YOLO Network Architecture.

4.Evaluation Experiments
In order to examine the effectiveness of the proposed

method, some comparison experiments are conducted
using the KITTI dataset. We also evaluate the accuracy
of the object angle detection by adding a function to
calculate the yaw angle.



Table 1 : Evaluation Results for Bird-eye View Performance on the KITTI Benchmark.
Car Pedestrian Cyclist

Method FPS Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard Average
BirdNet 9.1 84.17 59.83 57.35 28.20 23.06 21.65 58.64 41.56 36.94 45.93

Complexer-YOLO 16.7 77.24 68.96 64.95 21.42 18.26 17.06 32.00 25.40 22.88 38.68

Ours 5.5 72.84 71.52 67.50 26.71 21.19 20.17 42.50 36.06 31.18 43.30

Figure 5ɿ3D Object Detection Visualization in Camera View.

4.1 KITTI Benchmark Evaluation Results
Table 1 shows the evaluation results. Compared with

the conventional method, the proposed method achieves
the detection accuracy of 72.84% in Car under the Easy
mode, and the highest accuracy of 67.50% at the Hard
mode. It achieves almost the same accuracy as BirdNet[2],
which is also a BEV-based method. Even for the same
class objects with different detection modes, our method
shows a more robust performance by adding normal in-
formation. In addition, we achieve a higher Average
Precision (AP) than Complexer-YOLO[3], which uses
the same YOLO-based network. Although the input
is BEV map, the accuracy for non-planar objects (e.g.
pedestrians and cyclists) is better for each mode.

4.2 Evaluation of Angle Prediction
Since the normal is the object shape information, we

assume that object angle accuracy can be improved by
adding the Normal-map. Table 2 shows the result of
calculating the average included angle θk from the esti-
mated object angles and ground truth for 6 classes.

scoreclass (θk) =

(
1
n

n∑

k=1

arccos θk

)−1

(4)

Normal-map improves the angle accuracy. In particular,
the accuracy of objects with large and flat shapes like
cars is further improved.

Table 2 : Yaw Angle Prediction of 6 Classes.

Input Map
Score of Angle Accuracy

Car Van Truck Person Cyclist Tram

RGB 10.18 7.49 5.78 2.22 4.44 3.24
Normal 8.76 5.37 5.35 1.69 3.10 3.28
Normal+RG 9.27 6.43 10.09 2.14 3.34 3.55
Normal+RGB 10.34 6.57 8.89 2.06 3.86 5.25

4.3 Evaluation by Distance
Since the density of the point clouds changes depend-

ing on the distance, we evaluate the detection accuracy
by distance. Figure 4 shows average precision over dis-
tance. From Figure 4, the detection accuracy of the
group with added Normal-map does not decrease up to
30m, and the decrease is smaller than no-normal group
even at 40m or more.

Figure 4 : Average Precision over distance.

4.4 Visualization Results
As shown in Figure 5, due to traffic lights, and traffic

signs are cylindrical and have a height similar to a hu-
man, the no-normal group could easily make false pos-
itive prediction. In contrast, proposed method reduce
the number of such mistakes with the addition of nor-
mal information. This indicates that the Normal-map is
useful in avoiding the false detection of objects similar
to human features.

5.Conclusion
We proposed a novel 3D object detection method with

Normal-map on point clouds. We have confirmed that
the accuracy of BEV map-based object detection is fur-
ther improved when we introduced normal information
to the BEV map. Since the Normal-map can keep high
detection accuracy without intensity information, it is
possible to use synthesized datasets by simulator with
the virtual environment. In the future, to improve the
accuracy of the method, we would like to explore deep
learning methods for object normal estimation.
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AttentionߏػʹΑΔ֮ࢹతઆ໌ΛՄͱͨ͠ਂڧԽֶशʹؔ͢Δڀݚ

TP19001 ൘୩ӳయ Լོٛࢁतɿڭಋࢦ

1.͡Ίʹ
ਂڧԽֶशɼΤʔδΣϯτ͕ڥͱͷΠϯλϥΫ

γϣϯΛ௨ͯ͡ಘΔใुΛཔΓʹɼঢ়گʹԠͯ͡࠷దͳߦ
ಈબ͢ΔͨΊͷํࡦΛֶश͢Δख๏Ͱ͋Δɽํࡦωο
τϫʔΫͰද͞ݱΕ͓ͯΓɼωοτϫʔΫ෦ͷԋࢉෳ
ಈબʹରͯ͠ߦͰ͋ΔɽͦͷͨΊɼΤʔδΣϯτͷࡶ
அࠜڌΛղੳ͢Δ͜ͱඇৗʹࠔͰ͋Δɽ
ຊڀݚͰɼਂڧԽֶशͷදతͳख๏Ͱ͋Δ Asyn-

chronous Advantage Actor-Critic (A3C) [1]ʹAttention
Λಋೖͨ͠Mask-Attentionߏػ A3C (Mask A3C)ΛఏҊ
͢ΔɽMask A3CͰɼํࡦͱঢ়ଶՁʹର͢ΔΤʔδΣ
ϯτͷྖࢹҬΛදͨ͠ݱMask-attentionΛ֫ಘͰ͖Δɽ
ਪ࣌ʹ Mask-attention ΛՄࢹԽ͢Δ͜ͱͰɼΤʔδΣ
ϯτͷߦಈબʹର͢Δ֮ࢹతઆ໌ͷ࣮ݱΛతͱ͢Δɽ
·ͨɼAttentionߏػͷಋೖʹΑΓɼMask-attentionΛߟ
ֶྀͯ͠श͢Δ͜ͱͰɼΤʔδΣϯτͷੑ্ΛਤΔɽ

2.Asynchronous Advantage Actor-Critic
A3C [1] ɼAsynchronous ͱ Advantage Λಋೖͨ͠

Actor-Critic๏ϕʔεͷਂڧԽֶशख๏Ͱ͋ΔɽAsyn-
chronousෳڥʹ͓͚ΔඇಉظͰͷύϥϝʔλߋ৽ɼ
Advantage εςοϓઌͷใुΛֶྀͨ͠ߟशͰ͋Δɽ
A3C ͷωοτϫʔΫߏɼΈࠐΈʹΑΓಛϚο
ϓΛநग़͢Δ Feature extractorɼํࡦΛग़ྗ͢Δ Policy
branchɼঢ়ଶՁΛग़ྗ͢Δ Value branch͔Βߏ͞Ε
Δɽํࡦ͋Δঢ়ଶʹ͓͍ͯબ͢Δߦಈͷ֬Ͱ͋
Δɽঢ়ଶՁ͋Δঢ়ଶʹ͓͚ΔใुͷظͰ͋Γɼ͋
Δঢ়ଶʹ͍Δ͜ͱͷՁΛද͢ɽ

3.Mask-Attention A3C
ΤʔδΣϯτͷߦಈબʹର͢ΔஅࠜڌΛղੳ͢Δ

ͨΊɼA3Cʹ AttentionߏػΛಋೖͨ͠Mask-Attention
A3C (Mask A3C)ΛఏҊ͢ΔɽMask A3CͰɼPolicy
branch ͱ Value branch ʹର͠ Attention Λಋೖ͢ߏػ
Δ͜ͱͰɼ֤ϒϥϯνͷग़ྗʹରͯ͠ྖͨ͠ࢹҬΛද͢
Mask-attention Λ֫ಘ͢Δɽਪ࣌ʹ͓͚Δ֤ϒϥϯν
ͷ Mask-attentionΛՄࢹԽ͢Δ͜ͱͰɼํࡦͱঢ়ଶՁ
ͷҟͳΔ 2ͭͷࢹ͔ΒɼΤʔδΣϯτͷߦಈબʹର͢
Δ֮ࢹతઆ໌Λ࣮͢ݱΔɽ

3.1 ωοτϫʔΫߏ
ਤ 1ʹఏҊ͢ΔMask A3CͷωοτϫʔΫߏΛࣔ͢ɽ

Mask A3CɼFeature extractorɼPolicy branchɼValue
branchɼAttention͔ߏػΒߏ͞ΕΔɽै དྷͷA3CͰɼ
ΔͨΊɼFeatureྀ͢ߟใΛྻܥ࣌ extractorʹ LSTM
Λ༻͍Δɽ͔͠͠ɼMask A3Cʹ LSTMΛಋೖ͢Δͱɼೖ
ྗը૾ʹର͢Δۭؒใ͕ܽམ͢ΔͨΊɼMask-attention
Λ֫ಘͰ͖ͳ͍ɽͦ͜Ͱɼۭؒ࣌ใΛྀߟͰ͖Δ Con-
volutional LSTM (ConvLSTM) [2] Λಋೖ͢Δɽϒϥϯ
ν iͷMask-attention Mi ɼFeature extractor͔Βग़
ྗ͞ΕΔಛϚοϓ Fi ʹର͠ɼ1× 1× # of chanelsͷ
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ਤ 1: Mask A3CͷωοτϫʔΫߏ

ΈࠐΈͱ SigmoidؔΛద༻͢Δ͜ͱͰ֫ಘ͢Δɽ

3.2 Attentionߏػ
Mask A3C ͰɼPolicy branch ͱ Value branch ʹ

AttentionߏػΛಋೖ͢Δɽ͜ΕʹΑΓɼ֫ಘͨ͠Mask-
attention MiΛྀ͠ߟɼํٴࡦͼঢ়ଶՁΛग़ྗ͢ΔɽAt-
tentionߏػɼϒϥϯν iʹ͓͚ΔதؒͷಛϚοϓ
Fi ʹର͠ɼMask-attention Mi Λ༻͍ͯϚεΫॲཧΛߦ
͏ɽಛϚοϓʹର͢ΔMask-attentionΛ༻͍ͨϚεΫॲ
ཧΛࣜ (1)ʹࣔ͢ɽ͜͜ͰɼstೖྗͰ͋Δݱঢ়ଶɼFi(st)
ϒϥϯν iʹ͓͚ΔதؒͷಛϚοϓɼMi(st)ϒ
ϥϯν i ʹ͓͚Δ Mask-attentionɼF ′

i (st) ϚεΫॲཧ
ͷಛϚοϓͰ͋Δɽޙ

F ′
i (st) = Fi(st)ɾMi(st) (1)

4.ධՁ࣮ݧ
Mask A3Cͷ༗ޮੑΛ֬ೝ͢ΔͨΊɼOpenAI Gym [3]

ͷήʔϜλεΫΛ༻͍ͯධՁ࣮ݧΛ͏ߦɽ

4.1 ཁ֓ݧ࣮
ΔήʔϜɼBreakout͢༺ ͱ Ms.Pac-ManɼSpace

Invadersͷ 3छྨͰ͋Δɽൺֱख๏ɼA3CͱMask A3Cɼ
֤ϒϥϯνͷΈʹରͯ͠ AttentionߏػΛಋೖͨ͠Mask
A3C (Policy Mask A3CɼValue Mask A3C)ͷܭ 4ͭͰ
͋ΔɽೖྗήʔϜը໘ͷάϨʔεέʔϧը૾ͱ͠ɼग़ྗ
Ͱ͋Δߦಈ֤ήʔϜʹ͓͚Δૢ࡞ͱ͢Δɽֶश݅
worker Λ 35ɼֶशΛ 0.0001ɼׂҾΛ 0.99 ͱ͢
Δɽֶशऴྃ݅ global step͕ 1.0× 108 ʹ౸ୡͨ͠
߹ͱ͢Δɽ·ͨɼΤϐιʔυͷऴ֤ྃ݅ήʔϜʹ͓
͚Δ 1ϓϨΠऴྃɼٴͼ step͕ 1.0× 104 ʹ౸ୡͨ͠
߹ͱ͢Δɽ

4.2 είΞൺֱ
֤ήʔϜλεΫʹ͓͚Δ 100Τϐιʔυؒͷ࠷େ/ฏۉε

ίΞΛද 1ʹࣔ͢ɽද 1͔ΒɼBreakoutʹ͓͚Δ࠷େεί
Ξશख๏ʹ͓͍ͯ 864Ͱ͋Δɽ͜ͷείΞɼBreakout
Ͱ֫ಘͰ͖Δߴ࠷είΞͰ͋Δɽ·ͨɼBreakoutʹ͓͚Δ
ฏۉείΞɼMask A3C͕ A3Cͱൺֱ͠΄΅ಉͰ͋
ΔɽMs.Pac-ManͰɼ࠷େ/ฏۉείΞڞʹMask A3C
είΞͰ͋ΔɽSpace͍ߴ࠷͕ InvadersͰɼ࠷େεί
Ξ Policy Mask A3CɼฏۉείΞMask A3C͕࠷
είΞͰ͋ΔɽBreakoutύυϧͰϘʔϧΛଧͪฦ͍͢ߴ
ͷΈͰ͋Γɼ֎తཁҼͷͳ͍୯७ͳλεΫͰ͋Δɽͦͷͨ
ΊɼA3CͱMask A3C͕ಉͷείΞͰ͋ͬͨͱ͑ߟΒ
ΕΔɽҰํɼMs.Pac-Man ͱ Space Invaders ɼఢͳͲ
ͷ֎తཁҼΛߦྀͯ͠ߟಈΛબ͢Δඞཁ͕͋ΔɽPolicy
branchʹAttentionߏػΛಋೖͨ͠ Policy Mask A3Cͱ
Mask A3C ͰɼΫοΩʔΠϯϕʔμʔͳͲɼํࡦʹؔ
࿈ͨ͠ྖҬΛڧௐ͢ΔɽͦͷͨΊɼA3Cͱൺֱ͠είΞ͕
ΒΕΔɽ͑ߟͱ্ͨ͠

4.3 Mask-attentionΛ༻͍֮ͨࢹతઆ໌
֤ήʔϜʹ͓͚ΔMask-attentionͷՄࢹԽྫΛਤ 2ʹ

ࣔ͢ɽਤ 2(a)ͷ Policy͔ΒɼFrame 1ͰϘʔϧͷਐߦ
ΔɽFrame͍ͯ͠ࢹΛํ 2ͰύυϧΛؚΊͨϘʔϧ
पғΛ͠ࢹɼϘʔϧΛଧͪฦͨ͠ޙͰ͋Δ Frame 3Ͱ
͍ͯ͠ࢹΔྖҬ͕ͳ͍ɽ͔͜͜ΒɼBreakout ͰϘʔ
ϧΛଧͪฦ͢લʹ͓͍ͯɼϘʔϧͷਐํߦΛ༧ଌ͠
ύυϧΛ੍͍ͯ͠ޚΔͱ͑ߟΒΕΔɽਤ 2(b)ͷ Policy͔
ΒɼFrame 1ͰύοΫϚϯपғΛ͍ͯ͠ࢹΔɽFrame
2 Ͱը໘ʹଘ͢ࡏΔΫοΩʔΛ͠ࢹɼFrame 3 Ͱ
 Frame 2 ʹ͓͚ΔྖࢹҬʹύοΫϚϯ͕Ҡಈ͍ͯ͠
Δɽ͔͜͜ΒɼMs.Pac-ManͰύοΫϚϯͷपғΛܯռ
͠ͳ͕ΒɼΫοΩʔ͏͔Α͏ʹ੍͍ͯ͠ޚΔͱ͑ߟΒ
ΕΔɽਤ 2(c) ͷ Policy ͔ΒɼFrame 1 ͰΠϯϕʔμʔ
Λ͠ࢹɼߦಈܸ߈Λબ͍ͯ͠Δɽͦͯ͠ɼFrame 3
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(a) Breakout: നҹϘʔϧͷਐํߦΛࣔ͢ɽ
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(b) Ms.Pac-Man: നҹύοΫϚϯͷਐํߦΛࣔ͢ɽ
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(c) Space Invaders: നҹϏʔϜͷਐํߦΛࣔ͢ɽ

ɹ

ਤ 2: Mask-attentionͷՄࢹԽྫ: Policyʹ͓͚ΔԼ෦ͷίϯτϩʔϥɼݱϑϨʔϜͰϞσϧ͕ਪͨ͠ߦಈͰ͋Δɽ

ද 1: ֤ήʔϜ͓͚Δ 100 Τϐιʔυؒͷ࠷େ/ฏۉείΞ:
֤ख๏Ͱ Ϟσ͍ߴ࠷είΞ͕ۉश͠ɼฏֶͭͣߦࢼ5
ϧͷείΞΛࣔ͢ɽmax/mean ࠷େ/ฏۉείΞͰ͋
Δɽ

Att. mechanism Breakout Ms.Pac-Man Space Invaders

Policy Value max mean max mean max mean

A3C 864 662.0 5380 4573.3 19505 18531.8

ఏҊख๏

! 864 595.8 6330 4833.8 19860 19102.8

! 864 606.9 4830 4044.5 19675 18537.8

! ! 864 640.0 6610 5314.1 19810 19212.5

ද 2: Mask-attentionͷసʹΑΔείΞൺֱɿnor-
mal  Mask-attention Λస͠ͳ͍߹ɼin-
verseసͨ͠߹ɼrandomϥϯμϜʹߦ
ಈબͨ͠߹Ͱ͋Δɽ

Att. mechanism Breakout Ms.Pac-Man Space Invaders

Policy Value max mean max mean max mean

! normal 864 595.8 6630 4833.8 19860 19102.8

inverse 4 2.2 290 268.9 805 306.9

! ! normal 864 640.0 6610 5314.1 19810 19212.5

inverse 5 1.8 410 194.4 915 420.2

random 5 1.2 1080 247.8 460 142.1

ɹ

ʹ͓͍ͯ Frame 1 Ͱͨ͠ࢹΠϯϕʔμʔΛܸഁ͍ͯ͠
Δɽ͔͜͜ΒɼSpace InvadersͰܸഁ͢ΔΠϯϕʔμʔ
Λೝࣝ͠ɼΤʔδΣϯτΛ੍͍ͯ͠ޚΔͱ͑ߟΒΕΔɽ·
ͨɼਤ 2(a)(b)(c) ͷ State value ͔ΒɼBreakout Ͱϒ
ϩοΫɼMs.Pac-ManͰΫοΩʔɼSpace InvadersͰ
ΠϯϕʔμʔΛ͍ͯ͠ࢹΔɽͦͯ͠ɼͨ͠ࢹମͷݮ
গʹ߹ΘͤྖࢹҬ͕ॖখ͍ͯ͠Δɽ͜ΕΒͷ݁Ռ͔Βɼ
PolicyͷMask-attentionݱঢ়ଶʹର͠ߦಈʹ݁͢Δ
ମɼState valueͷMask-attentionείΞʹد༩͢Δ
ମΛද͍ͯ͠Δͱ͑ߟΒΕΔɽ

4.4 Mask-attentionͷ༗ޮੑ
Mask A3C ʹΑΔߦಈͷ֮ࢹతઆ໌Λ͏ߦʹ͋ͨΓɼ

Mask-attention ͕Ϟσϧͷग़ྗͰ͋Δํࡦʹରͯ͠༗ӹ
ͳྖҬΛද͍ͯ͠Δ͔͢ূݕΔɽํূݕ๏ͱͯ͠ɼMask
A3Cʹ͓͚Δ Policy branchͷMask-attentionΛస͠
ͨϚοϓΛ࡞͠ɼͦͷϚοϓΛ Attentionߏػʹ༻͍ͨ
߹ͷείΞΛࢉग़͢ΔɽMask-attentionΛస͢Δ߹
ͱస͠ͳ͍߹ʹ͓͚ΔείΞΛൺֱ͢Δ͜ͱͰɼMask-
attention తઆ໌ʹ༗ޮͰ͋Δ͜ͱΛ֬ೝ֮͢ࢹಈͷߦ͕
Δɽද 2ʹɼMask-attentionͷసʹΑΔείΞൺֱΛࣔ
͢ɽද 2͔ΒɼશήʔϜʹ͓͍ͯ inverse͕ normalͱൺֱ
ͯ͠ஶ͘͠είΞ͕Լ͠ɼrandomͱಉͷείΞͰ͋
Δɽ͕ͨͬͯ͠ɼPolicy branchʹ͓͚ΔMask-attention

ɼߴείΞΛ֫ಘ͢Δߦಈʹରͯ͠༗ӹͳྖҬΛ֫ಘ͠
ͨͱ͑ݴΔɽ

5.͓ΘΓʹ
ຊڀݚͰɼਂڧԽֶशͷදతͳख๏Ͱ͋ΔA3Cʹ

AttentionߏػΛಋೖͨ͠Mask A3CΛఏҊͨ͠ɽMask
A3CͰɼਪ࣌ʹMask-attentionΛՄࢹԽ͢Δ͜ͱͰɼ
ΤʔδΣϯτͷߦಈબʹର͢Δஅࠜڌͷ֮ࢹతઆ໌Λ
ͳλεΫࡶෳʹߋͳͲͷޚɼϩϘοτ੍ޙࠓɽͨ͠ݱ࣮
ͷద༻ͱՄࢹԽʹऔΓΉ༧ఆͰ͋Δɽ
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TP19015 Ҫॣޗ Լོٛࢁतɿڭಋࢦ

1.͡Ίʹ
มԽݕग़ɼҟͳΔࡱʹࠁ࣌Ө͞ΕͨಉҰγʔϯը૾

͔ΒมԽͨ͠ྖҬΛநग़͢ΔͰ͋ΔɽCNNΛ༻͍ͨ
มԽݕग़๏ [1][2]ɼҐஔͣΕڥมԽʹ݈ؤͰ͋Δ
ͨΊɼϚοϓͷࣗಈߋ৽ར༻ௐࠪͷར༻͕ظ͞
Ε͍ͯΔɽར༻ௐࠪʹԠ༻͢Δ߹ɼมԽͨ͠ྖҬͷ
ͷͷଐੑࡏݱͱڈग़͚ͩͰͳ͘ɼྛͳͲաݕ
ใ͕ඞཁͰ͋Δɽ͜ΕʹΑΓɼมԽͨ͠ॴͷ༁Λ
Ѳ͢Δ͜ͱ͕Ͱ͖Δɽ
ͦ͜ͰຊڀݚͰɼมԽྖҬͱΦϒδΣΫτΫϥεΛಉ

ਪఆ͠ɼมԽྖҬʹͷଐੑใΛ༩͢Δ͜ͱ͕ʹ࣌
Ͱ͖ΔมԽݕग़๏ΛఏҊ͢ΔɽఏҊख๏ɼηϚϯςΟο
ΫηάϝϯςʔγϣϯͱมԽݕग़Λ 1ͭͷωοτϫʔΫ
Ͱ࣮͢ݱΔɽ·ͨɼηάϝϯςʔγϣϯϞσϧΑΓநग़͠
ͨಛϚοϓΛɼมԽݕग़Ϟσϧͷೖྗͱͯ͠༻͢Δ
͜ͱͰɼ྆λεΫͷਫ਼্ΛਤΔɽ

2.มԽݕग़ͷैདྷ๏
CNNΛ༻͍ͨมԽݕग़๏ɼಛྔϕʔεͱֶशϕʔ

εͷ 2ͭͷΞϓϩʔνʹྨͰ͖Δɽ
ಛྔϕʔεͷมԽݕग़๏ɿCNNΑΓநग़ͨ͠ 2ຕͷಛ
Ϛοϓͷڑ͔ࢉܭΒมԽྖҬΛਪఆ͢ΔɽͦͷͨΊɼม
Խݕग़ͷͨΊͷֶशσʔληοτΛඞཁͱ͠ͳ͍ɽಛ
ྔϕʔεͷදతͳख๏Ͱ͋ΔCNNF-F[1]ɼImageNet
Ͱࣄલֶशͨ͠ VGG19Λ༻͍ͯɼը૾ϖΞ͔ΒಛϚο
ϓநग़͠มԽྖҬΛݕग़͢Δɽݕग़ʹϢʔΫϦουڑ
Λ༻͠ɼมԽྖҬΛܾఆ͢ΔͨΊʹᮢॲཧΛ͢ࢪɽม
ԽྖҬͷΈΛݕग़͢Δख๏Ͱ͋ΔͨΊɼมԽྖҬʹଐੑΛ
༩͢Δ͜ͱ͕Ͱ͖ͳ͍ɽ
ֶशϕʔεͷมԽݕग़๏ɿมԽݕग़ͷͨΊͷσʔληο
τΛ༻͍ͯը૾ؒͷྨੑࣅ (ඇྨੑࣅ)Λֶश͢ΔͨΊɼલ
ड़ͷΞϓϩʔνͱൺͯࢹͷͣΕʹ݈ؤͳݕग़͕ՄͰ
͋Δɽֶशϕʔεͷදతͳख๏Ͱ͋Δ FC-EF-Res[2]ɼ
มԽݕग़λεΫͱηϚϯςΟοΫηάϝϯςʔγϣϯλ
εΫΛͦΕͧΕผʑͷωοτϫʔΫͰॲཧ͠ɼͦͷ݁ՌΛ
౷߹͢Δख๏Ͱ͋Δɽ̎ͭͷωοτϫʔΫ U-Net[3] Λ
ϕʔεʹߏ͞ΕɼࠩϒϩοΫΛಋೖ͍ͯ͠Δɽηάϝ
ϯςʔγϣϯωοτϫʔΫ͔Βநग़ͨ͠ಛϚοϓͷࠩ
ΛɼมԽݕग़ωοτϫʔΫʹεΩοϓଓ͢Δ͜ͱͰɼ
ը૾ؒͷ໌ࣔతͳൺֱΛ͍ߦͳ͕Βֶश͢Δɽ͔͠͠ɼλ
εΫ͝ͱʹಠཱͨ͠ωοτϫʔΫΛ༻͍ΔͨΊɼֶशதʹ
λεΫؒͰใΛ૬ޓར༻͢Δ͜ͱ͕Ͱ͖ͳ͍ͱ͍͏
͕͋Δɽ

3.ఏҊख๏
ຊڀݚͰɼมԽྖҬͱΦϒδΣΫτΫϥεΛಉ࣌ʹਪ

ఆ͢Δ͜ͱ͕Ͱ͖ΔมԽݕग़๏ΛఏҊ͢ΔɽఏҊख๏ͷ
ωοτϫʔΫߏΛਤ 1ʹࣔ͢. ωοτϫʔΫɼEncoder-
DecoderߏΛͭ̎ͭ࣋ͷϞσϧ͔Βߏ͞Ε͓ͯΓɼม
Խݕग़ϞσϧʹηάϝϯςʔγϣϯϞσϧͷ࠷ऴ͔
Βநग़ͨ͠ಛϚοϓΛೖྗ͢Δɽ

3.1 ηάϝϯςʔγϣϯϞσϧ
ηάϝϯςʔγϣϯϞσϧɼU-NetΛϕʔεͱ͢Δωο

τϫʔΫߏͰ͋Δɽը૾ϖΞͷͦΕͧΕΛݸผʹωοτ
ϫʔΫೖྗ͢Δɽͳ͓ɼ֤ωοτϫʔΫͷॏΈڞ༗͠
͍ͯΔɽηάϝϯςʔγϣϯϞσϧͷଛࣦؔɼैདྷͷ
U-Netͱಉ༷ɼΫϩεΤϯτϩϐʔଛࣦΛ༻͢Δɽ

3.2 มԽݕग़Ϟσϧ
มԽݕग़Ϟσϧɼ̎ͭͷEncoderͱ 1ͭͷDecoder

Ͱߏͨ͠ωοτϫʔΫߏͱͳ͓ͬͯΓɼͦΕͧΕ 3
ͷΈࠐΈΛͭ࣋ɽ2ͭͷ EncoderʹΑΓɼը૾ؒͰҟ
ͳΔಛΛ֫ಘ͢Δ͜ͱ͕ՄͰ͋Δɽ·ͨɼ֤ Encoder
ʹηάϝϯςʔγϣϯϞσϧΑΓಘΒΕͨಛϚοϓΛ
ͦΕͧΕೖྗ͠ɼDecoder ʹ֤ Encoder ΑΓಘΒΕͨ
ಛϚοϓΛνϟϯωϧํʹ࿈݁͠ೖྗ͢Δɽ

image (past)

image (present)

Segmentation model !!"#

weight share

Change detection model !$%

Change detection

Segmentation (past)

Segmentation (present)

so
ftm

ax
so
ftm

ax
so
ftm

ax

ਤ 1 : มԽݕग़ωοτϫʔΫͷ֓ཁ

3.3 ஈ֊తͳֶशͱଛࣦؔ
ఏҊख๏ɼηάϝϯςʔγϣϯϞσϧͱมԽݕग़Ϟ

σϧʹΑΓߏ͞Εɼஈ֊తͳֶशΛ͏ߦɽ
Step1ɿ·ͣɼϕʔεͱͳΔηάϝϯςʔγϣϯϞσϧ θseg

Λֶश͢ΔɽϐΫηϧ૯Λ NɼΫϥεΛ S,ਖ਼ղϥϕ
ϧΛ tɼιϑτϚοΫεؔͷग़ྗΛ y ͱ͢ΔͱɼηϚϯ
ςΟοΫηάϝϯςʔγϣϯλεΫͷଛࣦؔ LSeg ࣜ
(1)Ͱද͢͜ͱ͕Ͱ͖Δɽ

LSeg = − 1
N

N∑

i

S∑

c

wcti,c log yi,c (1)

͜͜Ͱɼwc֤λεΫͷॏΈͰ͋ΔɽӴը૾ͳͲͷߴ
ղ૾ը૾Ͱߏ͞ΕΔσʔληοτΛ༻͢Δ߹ɼΫ
ϥεෆ͕ߧۉੜ͡Δɽϥϕϧ͕ෆߧۉͷ··ֶश͢Δͱɼ
ग़֬ݱͷ͍ߴΫϥεʹରͯ͠ૣظʹऩଋͯ͠͠·͍ɼग़
ͷ͍Ϋϥε͕΄ͱΜͲө͞Εͳ͍͕͋Δɽ֬ݱ
ͦͷͨΊɼࣜ (2) ʹࣔ͢Α͏ʹɼग़֬ݱ pc ͷٯʹର
ΛॏΈͱ͢Δɽ

wc = log
1
pc

(2)

͜ΕʹΑΓɼग़֬ݱͷ͍ߴΫϥεʹΦʔόʔϑΟοςΟ
ϯά͢Δ͜ͱΛ͙ɽ
Step2ɿ࣍ʹɼηάϝϯςʔγϣϯϞσϧ θseg ͷॏΈΛݻ
ఆ͠ɼมԽݕग़Ϟσϧ θcd Λֶश͢Δɽࣜ (2)Ͱఆٛ͠
ͨॏΈΛ༻͠ɼΫϥεΛ D ͱ͢ΔͱɼมԽݕग़λ
εΫͷଛࣦؔ LDiff ࣜ (3)Ͱද͢͜ͱ͕Ͱ͖Δɽ

LDiff = − 1
N

N∑

i

D∑

c

wcti,c log yi,c (3)

Step3ɿͦͯ͠ɼ2ͭͷϞσϧͷ૬ؔޓΛอͭͨΊɼθseg

ͱ θcd Λಉ࣌ʹֶश͢Δɽ૬ؔޓΛอͭͨΊͷଛࣦؔ
LMut Λࣜ (4) ʹࣔ͢ɽStep2 ͱಉ༷ɼLMut ͷࢉग़ʹ
θcd ΑΓநग़ͨ͠ಛϚοϓΛ༻͢Δɽ

LMut = − 1
N

N∑

i

D∑

c

ti,c log yi,c (4)

Step4ɿ֤ iterationͰ Step1͔Β Step3Λ܁Γฦ͢ɽ
Ҏ্ʹࣔ͢ஈ֊తͳֶशʹΑΓɼλεΫؒͰใΛ૬ޓ

ར༻͠ɼ྆λεΫͷਫ਼ظ্͕Ͱ͖Δɽ

3.4 ֶशσʔλͷೖྗํ๏
ఏҊख๏ɼ10,000×10,000ϐΫηϧͷߴղ૾ը૾

Λରͱ͠ɼֶश࣌ 512×512ϐΫηϧʹϥϯμϜΫϩο
ϓ͢Δɽ͔͠͠ɼΫϥεෆ͕ߧۉੜ͡Δ߹ɼϥϯμϜΫ
ϩοϓͰग़֬ݱͷ͍Ϋϥε͕બ͞Εͣɼֶश͕ෆ
҆ఆͱͳΔɽͦ͜Ͱɼग़֬ݱͷ͍ΫϥεΛଟؚ͘Ήύο
νը૾ΛผͰ༻ҙ͠ɼ௨ৗͷύονը૾ͱͱʹֶशΛߦ
͏ɽ͜ΕʹΑΓɼΫϥεෆߧۉʹΑΔӨڹΛ͑Δ͜ͱ͕
Ͱ͖ΔͨΊɼֶशͷ҆ఆੑʹͭͳ͕Δɽ

4.ධՁ࣮ݧ
ఏҊख๏ͷ༗ޮੑΛࣔͨ͢ΊʹɼมԽݕग़ٴͼηϚϯ

ςΟοΫηάϝϯςʔγϣϯͷධՁ࣮ݧΛ͏ߦɽ
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Semantic segmentation Change detection
Global Accuracy Class Accuracy mean IoU Kappa Global Accuracy mean IoU Kappa

U-Net
Seg 90.96 62.78 45.83 78.56 92.36 48.28 6.86
Diff - - - - 99.25 54.56 17.72

CNNF-F - - - - 88.66 - 3.28
FC-EF-Res 89.01 - - 71.92 98.30 - 25.49
Proposed 91.46 63.21 53.48 79.24 99.17 59.32 32.20

image (2006) image (2012) Ground Truth Proposed
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4.1 σʔληοτ
ຊ࣮ݧͰɼҟͳΔࡱʹظ࣌Ө͞ΕͨӴը૾ϖΞͰߏ

͞ΕΔ HRSCDσʔληοτ [2]Λ༻͢ΔɽHRSCD
σʔληοτɼେنͳߴղ૾ͷมԽݕग़༻σʔ
ληοτͰ͋ΔɽRGBը૾ϖΞͱɼ֤ϐΫηϧͰͷมԽ
ใΛ༩ͨ͠มԽݕग़ϥϕϧ (มԽྖҬͳ͠ɼมԽྖҬ
͋Γ)ɼར༻ใΛ༩ͨ͠ηάϝϯςʔγϣϯϥϕϧ
(ใͳ͠ɼਓɼۀଳɼྛɼ࣪ɼਫҬ)ؚ͕·
ΕΔɽσʔλ૯ 582ຕ͋Γɼֶश༻ʹ 292ຕ (146
ͷը૾ϖΞ)ɼධՁ༻ʹ 290ຕ (145ͷը૾ϖΞ)Λ༻
͢Δɽද 1 ʹ HRSCD σʔληοτͷ֤Ϋϥεʹ͓͚Δ
ग़֬ݱͱॏΈΛࣔ͢ɽද 1ΑΓɼग़֬ݱ͕খ͍͞΄Ͳɼ
ΫϥεॏΈ͕େ͖͘ͳΔ͜ͱ͕Θ͔Δɽ

ද 1 : ֤Ϋϥεʹ͓͚Δग़֬ݱͱॏΈ
Semantic Segmentation Change Detection

ใͳ͠ ਓ ۀଳ ྛ ࣪ ਫҬ มԽͳ͠ มԽ͋Γ

ग़֬ݱ [%] 17.70 11.51 61.84 8.36 0.02 0.58 99.23 0.77

ΫϥεॏΈ 0.0 2.16 0.48 2.48 8.54 5.15 0.01 4.87

4.2 ཁ֓ݧ࣮
HRSCD σʔληοτɼֶशαϯϓϧ͕গͳ͍ͨΊɼ

ɼϊΠζՃͷԿมز Data Augmentation Λ͍ߦɼ
όϦΤʔγϣϯΛ૿Ճ͢ΔɽධՁ࣌ɼߴղ૾ը૾Λ
512×512ϐΫηϧͷը૾ͱͯ͠λΠϧঢ়ʹΓग़ͯ͠ೖྗ
͢ΔɽఆྔతධՁࢦඪͱͯ͠ɼมԽݕग़ɼηϚϯςΟο
Ϋηάϝϯςʔγϣϯڞʹ Global Accuracyɼmean IoUɼ
KappaΛ༻͍ΔɽηϚϯςΟοΫηάϝϯςʔγϣϯ
Ͱɼ͞ΒʹClass AccuracyΛ༻͍Δɽ·ͨɼఏҊख๏ͷ
ੑൺֱͱͯ͠ɼU-Net͓Αͼ CNNF-FɼFC-EF-ResΛ
ݕΔɽU-Netɼ୯ҰͷωοτϫʔΫͱͯ͠มԽ͢༺
ग़λεΫ U-Net (Diff)ͱηϚϯςΟοΫηάϝϯςʔγϣ
ϯλεΫ U-Net (Seg)ͦΕͧΕͷֶशΛ͏ߦɽ

4.3 ֤λεΫʹ͓͚ΔධՁ݁Ռ
֤ख๏Λ࣌ͨ͠༺ͷɼมԽݕग़ͱηϚϯςΟοΫη

άϝϯςʔγϣϯͷఆྔతධՁΛද 2ʹɼఆੑతධՁΛਤ
2͓Αͼਤ 3ʹࣔ͢. U-Net (Seg)Ͱɼ֤ը૾ʹର͢Δ
ηάϝϯςʔγϣϯ݁ՌΛར༻ͨ͠มԽݕग़Λ͓ͯͬߦ
Γɼը૾ؒͰΫϥε͕ҟͳΔྖҬΛมԽྖҬͱ͢Δɽ
มԽݕग़ɿද 2ΑΓɼఏҊख๏͕ैདྷख๏ͱൺֱ͠ɼmean
IoUͱ Kappaʹ͓͍ͯߴਫ਼Ͱ͋Δ͜ͱ͕֬ೝͰ͖
ΔɽҰํɼU-Net (Seg)Ͱηάϝϯςʔγϣϯਫ਼ߴ
͍ͷͷɼݕग़ਫ਼Լͨ͠ɽ͜Εɼηάϝϯςʔγϣ
ϯ݁Ռʹ͓͍ͯΫϥεڥքͷࣝޡผ͕ଟ͋͘ΔͨΊɼมԽ
ྖҬͷݕޡग़Λট͍ͨͱ͑ߟΒΕΔɽ·ͨɼਤ 2ΑΓఏҊ
ख๏ಓ࿏ͳͲͷྖ͍ࡉҬͷݕग़ՄͰ͋Δ͜ͱ͕֬ೝͰ

image Ground Truth U-Net (Seg) Proposed

ਤ 3 : ֤ख๏ͷηάϝϯςʔγϣϯྫ

͖Δɽ
ηϚϯςΟοΫηάϝϯςʔγϣϯɿද 2ΑΓɼఏҊख๏
શͯͷධՁࢦඪͰ࠷ߴਫ਼Ͱ͋Δ͜ͱ͕֬ೝͰ͖Δɽ
ಛʹ U-Net (Seg)ɼఏҊख๏ͷηάϝϯςʔγϣϯϞσ
ϧͱಉҰͷωοτϫʔΫߏͰ͋Δ͕ɼࣝผਫ਼͕࠷େ
0.7ϙΠϯτ্ͨ͠ɽ͜ΕɼλεΫؒͰใΛ૬ޓར
༻͔ͨ͠ΒͰ͋Δͱ͑ߟΒΕΔɽ·ͨɼਤ 3ΑΓۀଳ
ͳͲͷྖҬͷ͍Ϋϥεͱɼݕग़͕ࠔͳͳͲྖҬ͕ࡉ
͍Ϋϥεʹ͓͍ͯߴਫ਼ͳηάϝϯςʔγϣϯ͕Ͱ͖ͯ
͍Δ͜ͱ͕͔Δ.

4.4 Ϋϥεෆߧۉʹର͢Δ༗ޮੑͷௐࠪ
ਓΫϥεΛؚΉύονը૾ΛՃ͢Δ͜ͱʹΑΔਫ਼

ൺֱΛ͏ߦɽද 3ʹɼՃલͱՃͦޙΕͧΕͷఆྔత
ධՁΛࣔ͢ɽग़֬ݱͷ͍ΫϥεΛؚΉύονը૾Λ
Ճ͢Δ͜ͱͰֶश͕҆ఆ͠ɼ΄΅શͯͷΫϥεͰਫ਼্
Λ֬ೝͨ͠ɽ·ͨɼग़֬ݱͷ͍ߴۀଳͷࣝޡผ͕ݮ
গͨ͜͠ͱͰɼྛΫϥεͷࣝผਫ਼͕ 35.7 ϙΠϯτ
ɽ্ͨ͠

ද 3 : ೖྗํ๏มߋʹΑΔൺֱ݁Ռ

Semantic Segmentation Change Detection

ਓ ۀଳ ྛ ࣪ ਫҬ มԽͳ͠ มԽ͋Γ

Ճલ 67.51 85.27 37.81 0.0 31.56 99.20 17.74

Ճޙ 68.97 89.88 73.55 0.0 35.01 99.17 19.47

5.͓ΘΓʹ
ຊڀݚͰɼมԽྖҬͷΦϒδΣΫτΫϥεΛਪఆ͢Δ

͜ͱͷͰ͖ΔมԽݕग़๏ΛఏҊͨ͠ɽ2ͭͷϞσϧΛ
༻͢Δ͜ͱͰɼߴਫ਼ͳมԽྖҬͷݕग़Λ࣮͠ݱɼ୯Ұͷ
U-Netಉ༷ͷηάϝϯςʔγϣϯਫ਼Λୡͨ͠ɽޙࠓɼ
ग़֬ݱͷ͍ΫϥεͷߋͳΔਫ਼্Λݕ౼͢Δɽ
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ҟͳΔղ૾ؒͷ߹ੑΛݦྀͨ͠ߟஶੑ༧ଌϞσϧʹؔ͢Δڀݚ

TP19010 ඌढ़و Լོٛࢁतɿڭಋࢦ

1.͡Ίʹ
ΒΕΔྖҬ͑ߟͱͭ࣋ຯɾؔ৺Λڵஶੑ༧ଌɼਓ͕ݦ

ΛώʔτϚοϓʹΑΓද͢ݱΔɽݦஶੑ༧ଌͷΞϓϩʔν
ͱͯ͠ɼपғͱҟͳΔ৭࠼ΤοδಛΛநग़ͯ͠ݦஶ
ྖҬΛਪఆ͢Δख๏͕͋Δɽ·ͨɼConvolutional Neural
Network (CNN)ͷൃలʹΑΓɼਓͷࢹઢ͔ΒಘΒΕͨݦ
ஶੑϚοϓΛֶशɾਪʹ༻͍Δߴਫ਼ͳݦஶੑ༧ଌख๏
ఏҊ͞Ε͍ͯΔɽҰํͰɼݦஶੑ༧ଌͷԠ༻ઌͱͯࣗ͠
ಈӡసγεςϜΛఆ͢Δͱɼ༧ଌਫ਼͚ͩͰͳ͘ϝϞ
Ϧফඅྔؒ࣌ࢉܭͷॖ͕ॏཁͱͳΔɽͦ͜Ͱɼຊڀݚ
ͰϝϞϦফඅྔΛޮԽͨ͠ݦஶੑ༧ଌϞσϧΛఏҊ͢
Δɽ͞Βʹɼύϥϝʔλͷগͳ͍ϞσϧͰߴਫ਼ʹਪఆ͢
ΔͨΊʹɼը૾ղ૾ຖͷݦஶੑͷҰ؏ੑΛֶྀͨ͠ߟश
ख๏ఏҊ͢Δɽ

ஶੑ༧ଌݦ.2
ஶੑ༧ଌͷදతͳख๏ͱͯ͠ɼRARE2012ݦ ڍ͕[1]

͛ΒΕΔɽRARE2012ͰɼओੳʹΑΓΧϥʔνϟ
ϯωϧຖʹന৭ԽΛ͏ߦɽͦͷޙɼಘΒΕͨը૾ʹରͯ͠
ϚϧνεέʔϧͷΨϘʔϧϑΟϧλͰಛྔΛநग़͢Δɽ
ใྔݾɼࣗ͠ࢉܭɼಘΒΕͨಛྔͷ֬ີΛʹޙ࠷
ةɽͨͩ͠ɼRARE2012Ͱ͏ߦஶੑ༧ଌΛݦ͍ͯͮجʹ
Ͱྀߟஶੑͷҧ͍Λݦલࣝʹͱͮ͘ࣄ༧ͳͲਓͷݥ
͖ͳ͍ͱ͍͏͕͋Δɽ·ͨɼਓͷࢹઢใΛར༻ͨ͠
CNNʹΑΔߴਫ਼ͳݦஶੑਪఆख๏͕͋ΔɽSalNet [2]Ͱ
ɼΈࠐΈ 3ɼશ݁߹ 2͔Βߏ͞ΕΔωοτ
ϫʔΫΛ༻͍ͯݦஶੑϚοϓΛग़ྗ͢ΔɽωοτϫʔΫͷ
ֶशʹਓͷࢹઢσʔλΛͱʹͨ͠ϚοϓΛࢣڭͱͯ͠
༻͍Δɼ·ͨɼEML-Net [3]ͰɼҟͳΔσʔληοτͰ
ಛΛ౷߹͢Δ͜ͱ֮ࢹલֶशͨ͠ෳωοτϫʔΫͷࣄ
Ͱߴਫ਼ͳ༧ଌ͕ՄͰ͋Δɽ͔͠͠ɼEML-Netɼେ
ΊɼϞσͨ͏ߦͳωοτϫʔΫΛར༻ͯ͠ಛநग़Λن
ϧͷύϥϝʔλ͕େͱͳΓɼ͔͔͕ؒ࣌ࢉܭΔ͕
͋Δɽ

3.ఏҊख๏
ຊڀݚͰɼϝϞϦফඅྔٴͼؒ࣌ࢉܭͷॖͱ༧ଌਫ਼

ͷ্Λཱ྆͢Δݦஶੑ༧ଌख๏ΛఏҊ͢Δɽ·ͣɼϝ
ϞϦফඅྔͱؒ࣌ࢉܭͷॖͷͨΊʹɼMobileNetV2 ͱ
Mixed Depthwise Convolution Λར༻ͯ͠ωοτϫʔΫ
Λߏங͢Δɽ͜ΕʹΑΓɼύϥϝʔλΛݮͰ͖Δɽ࣍
ʹɼ༧ଌਫ਼Λ্ͤ͞ΔͨΊʹɼਓͷ֮ࢹతಛੑʹͮج
͍ͨղ૾ຖͷ֮ࢹతಛΛޮΑֶ͘श͢ΔଛࣦؔΛ
ఏҊ͢Δɽ

3.1 ωοτϫʔΫߏ
ఏҊख๏Ͱ༻͍ΔωοτϫʔΫߏΛਤ 1ʹࣔ͢ɽ͡

ΊʹɼMobileNetV2Λಛநग़ثͱͯ͠ը૾͔ΒಛΛಘ
Δɽ͜ͷ࣌ɼMobileNetV2 IRLɼBatch Normalization
(BN)ɼReLU6ΛΈ߹Θͤͨܭ 7ͷߏͰ͋Γɼલ
ͷ 3ͱޙͷ 4͔ΒಛΛಘΔɽ

Input

Low feature

High feature

×3

×4

IRL

BN

ReLU6

IRL

BN

ReLU6

32
64

128
64

32

128
256

512
256

Refinement layer

Output

160

32
1

Decode layer

MixConv

3×3 5×5 7×7

GT

Feature Extractor
(MobileNetv2)

ਤ 1 : ఏҊख๏ͷωοτϫʔΫߏ

લͷಛɼઙ͍͔ΒಘΒΕΔಛ༗ͷಛͰ͋Δप

ғͱҟͳΔ৭ใࣝผʹ༗༻ͳΤοδͳͲͷ୯७ͳࢹ
֮ใͱͳΔɽ·ͨɼޙͷಛɼਂ͍͔ΒಘΒΕΔಛ
༗ͷಛͰ͋ΔମͳͲͷେҬతͳ֮ࢹใͱͳΔɽ࣍ʹɼ
ಘΒΕͨಛΛRefinement layerʹೖྗ͢ΔɽRefinement
layerಘΒΕͨಛΛ໌ྎԽ͢ΔϞδϡʔϧͱͳ͓ͬͯΓɼ
ೖग़ྗͷղ૾Λม͠ߋͳ͍ Encoder-Decoder ͔Βߏ
͞Ε͍ͯΔɽ͞ΒʹɼRefinementߏ layerʹ༷ʑͳड
༰Λ 1ͷΈࠐΈʹूΛͨͬߦMixed-depthwise
Convolution (MixConv) Λ༻͍Δ͜ͱͰɼԋྔࢉΛ͑
ͭͭϩόετͳಛͷநग़Λ͏ߦɽޙ࠷ʹɼRefinement
layer͔ΒಘΒΕͨ̎ͭͷಛΛ౷߹͠ɼDeconvolution
Λ༻͍ͯݦஶੑϚοϓͷਪΛ͏ߦɽ

3.2 ଛࣦؔ
ը૾ղ૾ͱݦஶੑϚοϓͷؔੑʹ͍ͭͯɼਓͷࢹઢ

Λऩू͠ௐ͕ࠪͨ͋͠ڀݚΔ [4]ɽ͜ΕʹΑΔͱɼղ૾Λ
32ͷ 1·ͰϦαΠζͨ͠ը૾ͷݦஶੑϚοϓݩͷղ૾
ͷݦஶੑϚοϓͱඇৗʹ૬͕͍ؔ͜ߴͱ͕֬ೝ͞Ε͍ͯ
Δɽ͜ͷݟΛ͔͠׆ɼݩͷղ૾͔Β༧ଌ͞ΕΔݦஶੑ
Ϛοϓͱղ૾Խͨ͠ը૾͔Β༧ଌ͞ΕΔݦஶੑϚοϓ
ͷ߹ੑΛଛࣦͱͯ͠ٻΊΔɽ͜ΕΛఆࣜԽ͢Δͱࣜ (1)
ͷΑ͏ʹఆٛͰ͖Δɽ

Lres = BCE(SGT , SPb) +
N∑

i=1

BCE(SPb , SP
2i ) (1)

ୈҰ߲ɼόΠφϦΫϩεΤϯτϩϐʔΛ༻͍ͨਅͱ
ஶੑϚοϓͷଛࣦͰ͋Δɽୈݦͷղ૾͔Β༧ଌ͞ΕΔݩ
ೋ߲ɼݩͷղ૾͔Β༧ଌ͞ΕΔݦஶੑϚοϓͱղ૾
Խͨ͠ը૾͔Β༧ଌ͞ΕΔݦஶੑϚοϓ͔ΒͷଛࣦͰ͋
Δɽ͜͜ͰɼBCE όΠφϦΫϩεΤϯτϩϐʔɼSGT

ݦஶੑϚοϓͷਅɼSPb ݩͷղ૾͔Β༧ଌ͞Εͨ
ஶੑϚοϓɼSPݦ

2i ղ૾Λ 2i ͷ ͷਪ࣌ͨ͠ʹ1
݁ՌɼN μϯαϯϓϧ͢ΔճͰ͋Δɽਤ 2ʹࣔ͢Α
͏ʹɼղ૾ͷը૾ݩͷղ૾ͷը૾Λ 2i ͷ 1 ʹ
μϯαϯϓϦϯάޙɼόΠϦχΞิؒʹΑΓݩͷղ૾
ΞοϓαϯϓϦϯάͨ͠ը૾ͱ͠ɼϞσϧʹೖྗ͢Δɽ
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ਤ 2 : ֤ղ૾ؒͷ߹ੑΛྀͨ͠ߟҰ؏ੑଛࣦ

4.ධՁ࣮ݧ
ఏҊख๏ͷ༗ޮੑΛࣔͨ͢Ίʹɼ੩ࢭըʹ͓͚Δਓͷࢹ

ઢσʔλ͔ΒಘΒΕͨݦஶੑΛऩूͨ͠σʔληοτΛ༻
͍ͯɼධՁ࣮ݧΛ͏ߦɽ

4.1 ཁ֓ݧ࣮
ධՁσʔλʹɼSALICON ͼٴ CAT2000 Λ༻͍Δɽ

SALICONɼ༷ʑͳࣗવը૾͔Βߏ͞ΕΔMS-COCO
σʔληοτ͔Β 20,000ຕΛൈਮ͠ɼ 60໊ͷඃ͔ऀݧ
ΒݦஶੑΛ֫ಘͯ͠༩ͨ͠ͷͰ͋Δɽ·ͨɼCAT2000
 120 ໊ͷඃऀݧΛରʹɼອըɼΞʔτɼΦϒδΣΫ
τɼղ૾ը૾ɼɼ֎ɼϥϯμϜͳը૾ɼઢըͱ
͍ͬͨҟͳΔλΠϓͷγʔϯΛΧόʔ͠ɼ20 ͷΧςΰϦ
͔Βߏ͞Ε͍ͯΔɽը૾ͷೖྗαΠζ 640 ʷ 480 Ͱ



ද 1 : SALICONɼٴͼ CAT2000σʔληοτʹΑΔఆྔతධՁ݁Ռ
SALICON CAT2000

Params SIMˢ CCˢ AUCˢ NSSˢ KLˣ Params SIMˢ CCˢ AUCˢ NSSˢ KLˣ
EML-Net[1] 47.08M 0.765 0.878 0.864 1.987 0.520 47.08M 0.782 0.885 0.866 2.060 0.298
Vanilla 4.72M 0.686 0.779 0.844 1.577 0.393 4.72M 0.740 0.833 0.858 1.731 0.321
Vanilla+R 5.75M 0.714 0.811 0.850 1.673 0.338 5.75M 0.757 0.842 0.860 1.799 0.311
Vanilla+R+Lres 5.75M 0.742 0.847 0.861 1.762 0.282 5.75M 0.776 0.851 0.866 1.875 0.299

Vanilla �����Vanilla+R �����Vanilla+R+!"#$GT EML-Net
Low

High

ਤ 3 : ֤ख๏ʹΑΔݦஶੑϚοϓͷਪఆྫ

͋ΔɽSAICONֶश༻ʹ 10,000ຕɼධՁ༻ʹ 5,000ຕ
ΛɼCAT2000ֶश༻ʹ 1,600ຕɼධՁ༻ʹ 400ຕΛ༻
͍Δɽ·ͨɼֶशϞσϧͷ൚Խੑͷ؍͔Βલॲཧͱ͠
ͯೖྗը૾Λ [0,1] ਖ਼نԽɼٴͼࠨӈసͷσʔλ֦ு
Λ͍ͯͬߦΔɽධՁʹར༻͢Δैདྷख๏ͱϞσϧΛҎԼͷ
Α͏ʹఆٛ͢Δɽ
EML−Net : EML-NetɼෳͷࣄલֶशࡁΈϞσϧ
Λ׆༻ֶͨ͠शΛ͜͏ߦͱͰɼࣄલʹΤϯίʔυ͞Εͨࣝ
ผʹ༗ޮͳಛΛޮՌతʹར༻͢Δख๏Ͱ͋Δɽ
Vanilla : MobileNetV2ͷσίʔυ෦Λશ݁߹͔Β De-
convoliutionΛ 3ʹม͢ߋΔ͜ͱͰɼݦஶੑ༧ଌ༻ʹ
ωοτϫʔΫΛมͨ͠ߋϞσϧͰ͋Δɽ
Vanilla+R(Ours) : Refinement layerٴͼMixConvΛ
ಘͨ͠ಛΛ౷߹ͯ͠Deconvolutionೖྗ֫ͯ͠༺׆
͢ΔϞσϧͰ͋Δɽ
Vanilla+R+ Lres(Ours) : Vanilla+RͷϞσϧʹର͠
ͯɼ֤ղ૾ͷ߹ੑΛྀͨ͠ߟଛࣦؔ Lres Λಋೖ͠
ͨϞσϧͰ͋Δɽ

4.2 ϕʔεϥΠϯͱͷఆྔతɾఆੑతͳൺֱ
-ඪͱͯ͠ɼSIM(Similaࢦஶੑ༧ଌʹ͓͚ΔఆྔతධՁݦ

rity)ɼCC(Correlation coefficient)ɼAUC(Area Under
Curve)ɼNSS(Normalized Scanpath Saliency)ɼKL(KL
divergence) ͕͋Δɽ͜ΕΒͷධՁࢦඪΛ༻͍ͯɼSALI-
CON σʔληοτͱ CAT2000σʔληοτʹ͓͚Δ֤
ਫ਼ͷൺֱ݁ՌͱύϥϝʔλΛද 1ʹࣔ͢ɽఏҊख๏ɼ
߹ੑΛอͭଛࣦؔ Lres ͱ Refinement layer ʹΑΓɼ
ैདྷख๏ͱൺֱͯ͠΄΅ಉͷਫ਼Ͱ͋Δ͜ͱ͕Θ͔Δɽ
·ͨɼIRLͱMixConvΛར༻͢Δ͜ͱʹΑΓɼύϥϝʔ
λΛ Ͱ͖͍ͯΔ͜ͱ͕֬ೝͰ͖Δɽݮ87.7%
ɼਤʹ࣍ 3ʹ֤ख๏ʹΑΔݦஶੑϚοϓͷਪఆྫΛࣔ͢ɽ

ਤ 3 ΑΓɼVanilla ͰؠࡐͰฤ·ΕͨҜࢠͳͲΤο
δͷಛ͕ີू͢ΔҐஔʹݦͯͬޡஶੑ͕ݱΕ͍ͯΔɽ
ҰํɼఏҊख๏ Refinement layerͱ Lres ͷಋೖʹΑΓ
ஶੑϚοϓͱͳ͍ͬͯΔɽݦΓͷগͳ͍ޡ

4.3 ଛࣦؔͷ༗ޮੑͷௐࠪ
ਤ 4ʹɼҟͳΔղ૾ؒͷը૾Λೖྗͱͨ͠ͱ͖ͷ CC

ʹΑΔਫ਼มԽΛࣔ͢ɽͳ͓ɼݩͷղ૾Λԣ࣠ͷ 1ͱ͠ɼ
ӈҠΔʹͭΕͯղ૾͕ 2ͷ 1ͣͭԼ͍ͯ͠Δɽਤ
4͔ΒɼҰ؏ੑଛࣦΛ༻͍͍ͯͳ͍ Vanilla+R (Without
Lres)ͱൺɼVanilla+R+Lres (With Lres)Ͱղ૾
Ͱਫ਼Լ͠ͳ͍͕֬ࣄೝͰ͖ΔɽਓؒͷࢹઢͰɼ
32 ͷ 1 ·Ͱͷղ૾Ͱ͋ΕҰఆͷݦஶੑϚοϓ͕ಘ
ΒΕΔ͜ͱ͔Βɼ֤ղ૾ؒͷ߹ੑΛྀͨ͠ߟҰ؏ੑଛ

ਤ 4 : ෳղ૾ʹର͢ΔఏҊख๏ͷਫ਼ൺֱ

ࣦΛར༻͢Δ͜ͱͰɼਓؒʹ͍֮ۙࢹతಛΛֶशͰ͖ͯ
͍Δͱ͍͑Δɽ

5.͓ΘΓʹ
ຊڀݚͰɼݦஶੑ༧ଌʹ͓͍ͯMobileNetV2Mix-

ConvΛར༻ͨ͠ωοτϫʔΫͷઃܭʹΑΓύϥϝʔλ
Λ ੑ߹ஶੑͷݦɽ·ͨɼ֤ղ૾ؒͷͨ͠ݮ87.7%
Λอͭଛࣦؔ Lres ͷఏҊʹΑΓɼLres Λར༻͠ͳ͍
߹ͱൺਫ਼্͕͠ɼैདྷख๏ͱൺͯύϥϝʔλΛ
ؔΘΒͣɼ΄΅ಉͷਫ਼ͱͳΔ͜ͱΛ֬ೝʹͨ͠ݮ
ͨ͠ɽޙࠓɼߋͳΔਫ਼্Λૂ͏ͨΊʹΞϯαϯϒϧ
Ϟσϧ AutoML ʹΑΔωοτϫʔΫߏͷ࠷దԽΛߦ
͏༧ఆͰ͋Δɽ
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ڀݚΔؔ͢ʹޚҰ؏ֶशϕʔεͷࣗಈӡస੍ͨ͠༺׆ઢใΛࢹ

TP19023 ܒհ Լོٛࢁतɿڭಋࢦ

1.͡Ίʹ
ࣗಈӡస੍ޚɼपลڥͷೝࣝɼܦ࿏ܭըɼं੍྆ޚ

Λॱ͏ߦ࣍Ξϓϩʔν͕༻͍ΒΕΔɽҰํɼConvolutional
Neural Network (CNN)ͷൃలʹΑΓɼ৽ͨͳࣗಈӡస੍
؏Λਪఆ͢ΔҰޚΧϝϥը૾͔Β੍ࡌͱͯ͠ɼंޚ
ֶशϕʔεͷख๏͕ఏҊ͞Ε͍ͯΔ [1]ɽຊख๏ɼਓؒ
σʔλͱͯ͠฿ֶशΛࢣڭͷใΛࡍӡసͨ͠ʹࡍ࣮͕
ͳͲͷܠɽೖྗʹओʹը૾͕༻͍ΒΕɼը૾ʹഎ͏ߦ
ӡస੍ޚʹແؔͳྖҬ͕ଟؚ͘·ΕΔ͜ͱ͕͋Δɽ͜ͷ
Δͱɼਖ਼੍͍͢͠ࢹɼCNN͕ͦΕΒͷෆཁͳྖҬΛ࣌
γες֮ࢹΒΕΔɽਓؒͷ͑ߟΛਪఆͰ͖ͳ͍͜ͱ͕ޚ
ϜɼࢹઢҠಈʹΑͬͯॏཁͱͳΔใΛ֫ಘͯ͠ɼ֮ࢹ
తʹೝࣝΛ͜͏ߦͱ͕ΒΕ͍ͯΔɽͦ͜ͰຊڀݚͰɼ
Ϟσϧʹར༻ͨ͠Ұ؏ֶशʹΑΔࣗಈޚઢใΛӡస੍ࢹ
ӡసΛ࣮͢ݱΔɽ

2.Ұ؏ֶशϕʔεͷࣗಈӡస੍ޚ
දతͳҰ؏ֶशϕʔεͷࣗಈӡసख๏ͱͯ͠ɼBojarski

Βͷڀݚ [1]͕͋Δɽ͜ ͷڀݚͰɼ5ͷΈࠐΈͱ 4
ͷશ݁߹ͷCNNʹը૾Λೖྗ͠ɼεςΞϦϯάΛਪఆ
͢Δɽ·ͨɼConditional Imitation Learning RS (CILRS)
[2]ɼResNetΛಛநग़෦ʹಋೖ͠ɼϚϧνλεΫͱ͠
ͯं྆ਪఆΛՃ͢Δ͜ͱʹΑΓɼӡసੑΛվળ͠
͍ͯΔɽCILRS Ͱɼશ݁߹Ͱߏͨ͠ग़ྗ෦Λਐ
ӈંࠨͱ͍ͬͨίϚϯυͷ͚ͩ༻ҙ͍ͯ͠ΔɽίϚϯ
υʹԠͯ͡ग़ྗ෦ΛΓସ͑Δ͜ͱͰɼҰ؏ֶशϕʔεͷ
ࣗಈӡసʹ͓͍ͯࠔͰ͋ͬͨɼަࠩͰͷߴਫ਼ͳ੍ޚ
Λ࣮͍ͯ͠ݱΔɽ͔͠͠ɼӡస੍ؔʹޚͳ͍ྖҬʹର͢
ΔಛΛநग़͢Δ͜ͱͰɼ੍ޚͷਖ਼͍͠ਪʹࣦഊ͢Δ
ͱ͍͏͕͑ߟΒΕΔɽ

3.ఏҊख๏
ຊڀݚͰɼਓͷࢹઢใΛར༻͢Δ͜ͱͰɼӡసʹඞ

ཁͳྖҬΛॏࢹͰ͖Δӡస੍ޚϞσϧΛఏҊ͢ΔɽఏҊ͢
ΔϞσϧͷωοτϫʔΫΛਤ 1ʹࣔ͢ɽ

3.1 ઢਪఆϞσϧࢹ
ࣗಈӡస࣌ʹɼਓ͕͢ࢹΔҐஔΛৗʹܭଌ͢Δͷਓ

ͷෛ୲͕େ͖͍ɽͦ͜ͰɼਓͷྖࢹҬΛද͢ࢹઢϚο
ϓΛਪఆ͢ΔࢹઢਪఆϞσϧΛ࣮͠ݱɼਪఆͨ͠ࢹઢใ
Λӡస੍ޚϞσϧʹར༻͢Δɽ͜ΕʹΑΓɼਓͷࢹઢใ
Λ༻͍Δ͜ͱͳ͘ɼӡస੍ޚϞσϧͷֶश͓ΑͼධՁ͕Մ
ͱͳΔɽࢹઢਪఆϞσϧͷωοτϫʔΫΤϯίʔμ͓
ΑͼσίʔμͰߏ͢ΔɽΤϯίʔμ VGG-16 ͷΈ
ΈΛɼσίʔμࠐ 4 ͷ deconvolution Λ༻͍Δɽ
ަࠩͷ໘ͰɼਐํߦʹΑͬͯ͢ࢹΔՕॴ͕େ͖
͘ҟͳΔɽͦͷͨΊɼӡసࣔࢦͰ͋ΔίϚϯυ cΛωοτ
ϫʔΫʹՃ͢Δ͜ͱͰɼӡసࣔࢦʹ߹ΘͤͨࢹઢਪఆΛ
ֶश͢ΔɽίϚϯυɼΤϯίʔμ͔Β֫ಘ͞ΕͨಛϚο
ϓͱಉαΠζʹϦαΠζ͠ɼνϟϯωϧํʹ݁߹ͯ͠
Ճ͢ΔɽࢹઢਪఆϞσϧͷֶशʹɼࣜ (1)ʹࣔ͢ Binary
Cross Entropy (BCE) LossΛ༻͍Δɽ͜͜ͰɼGɼĜ
ͦΕͧΕࢹઢϚοϓͷਅͱ༧ଌͰ͋Δɽ

Lg =
1

WH

W∑

i

H∑

j

−Gi,j log Ĝi,j−(1−Gi,j) log(1−Ĝi,j)

(1)

3.2 ӡస੍ޚϞσϧ
ӡస੍ޚϞσϧʹ CILRSΛϕʔεʹ༻͍Δɽࢹઢ

ใΛྀ͢ߟΔͨΊɼಛநग़෦Λߏ͢Δ Res. Blockຖ
ͷಛϚοϓ Fi(x)ʹࢹઢϚοϓ Gi Λըૉຖʹ͢ࢉΔɽ
Ĝi  Ĝ Λ i ൪ͷ Res. Block ʹ͓͚ΔಛϚοϓͷղ
૾ʹμϯαϯϓϦϯάͨ͠ͷͰ͋Δɽͦͯ͠ɼࢹ
ྖҬҎ֎ͷಛྔ͕ফࣦ͢ΔͷΛ͙ͨΊɼࣜ (2)ʹࣔ͢
Α͏ʹࢉલͷಛϚοϓΛՃ͢ࢉΔɽ

F ′
i (x) = Fi(x)⊗ Ĝi + Fi(x) (2)

Linear計測値 (速度) m

速度 vt

車線追従

Linear

左折

Linear

右折
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直進

Linearコマンド c

ResNet34

Deconv.

視線マップ

VGG-16

コマンド c

入力画像

制御値

ステアリング

スロットル

ブレーキ

視線推定モデル
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Ĝ

ਤ 1 : ఏҊख๏ͷωοτϫʔΫߏ

ಛநग़෦ͰɼԼҐͰΤοδͳͲͷৄࡉͳಛΛநग़
͠ɼ্ҐͰΑΓେہతͳۭؒಛΛ֫ಘ͢Δɽຊख๏Ͱ
ɼࢹઢใΛਂ͞ͷҟͳΔ 4ՕॴʹՃ͢Δɽ͜ΕʹΑ
ΓɼεέʔϧͷҟͳΔಛ͝ͱʹॏཁͳྖҬΛڧௐͰ͖Δɽ
ӡస੍ޚϞσϧͷग़ྗ෦ίϚϯυ͝ͱʹ༻ҙ͢Δɽί

Ϛϯυ cʹରԠͨ͠ग़ྗ෦Λબͯ͠ɼ੍ޚΛग़ྗ͢Δɽ
ֶश࣌ʹɼӡస੍ޚϞσϧͷ֤ग़ྗʹରͯ͠ L1 Loss Λ
ଛࣦؔʹ༻͍Δɽ͜͜Ͱɼӡస੍ޚϞσϧͷग़ྗɼं྆
ͱεςΞϦϯάɼεϩοτϧɼϒϨʔΩͷ֤Ͱ͋Δɽ

4.ධՁ࣮ݧ
ఏҊख๏ͷ༗ޮੑΛௐࠪ͢ΔͨΊɼࢹઢใͷ༗ແʹΑ

Δӡసਫ਼ͷൺֱΛ͏ߦɽ

4.1 σʔληοτ
ຊ࣮ݧͰɼࣗಈӡసγϛϡϨʔλͰ͋Δ CARLA[3]

͞Εͨ࡞ͯʹ CARLA100σʔληοτΛӡస੍ޚϞσ
ϧͷֶशʹ༻͍ΔɽCARLA100σʔληοτɼं྆ͷ
Ґஔ৴߸ػͷঢ়ଶͳͲͷ෦ใ͔ΒࣗಈӡసΛ͏ߦΤ
ΩεύʔτΤʔδΣϯτΛ༻͍ͯɼ100ؒ࣌ʹ͓ΑͿӡస
σʔλΛγϛϡϨʔλ্Ͱࣗಈతʹऩूͨ͠σʔληοτ
Ͱ͋Δɽ
ઢਪఆϞσϧͷֶशʹɼCARLA100σʔλ͔Βϥࢹ

ϯμϜͰબͨ͠ 2,000ຕͷσʔλʹରͯ͠ɼࢹઢใΛ
༩ͨ͠σʔληοτΛ༻͍Δɽ1ϑϨʔϜຖʹेͳࢹ
ઢใؚ͕·ΕΔΑ͏ʹ͢ΔͨΊɼ੩ࢭըʹର͢Δࢹઢ
ใΛه͢Δɽࢹઢใͷऔಘʹ Tobii Pro X3 130Λ
ʹըΛσΟεϓϨΠࢭɼ1ຕͷ੩͠༺ 5ඵؒදࣔ͢Δ͜
ͱͰࢹઢσʔλΛऩूͨ͠ɽຊσʔληοτͷࢹઢσʔλ
ͷྫΛਤ 2ʹࣔ͢ɽ

(b) 信号機 (a) 動的物体 

(c) 左折 (d) 右折

ਤ 2 : ઢใͷྫࢹͨ͠ه

4.2 ཁ֓ݧ࣮
ઢਪఆϞσϧͷೖྗࢹ 400×176ʹϦαΠζͨ͠RGB

ը૾Λ༻͍Δɽ࠷దԽख๏ʹ MomentumSGD Λ༻͍ɼ
ֶशΛ 0.03ͱ͢Δɽ
ӡస੍ޚϞσϧɼCARLA100σʔληοτ͔Β ࣌10

ؒͷαϒηοτΛֶशʹ༻͍Δɽ͜͜Ͱɼೖྗ 200× 88
ͷ RGBը૾Λ༻͍Δɽ࠷దԽख๏ʹ AdamΛ༻͠ɼ
ֶशΛ 0.0002ͱ͢Δɽ
ֶश 2ஈ֊ʹ͚ͯ͏ߦɽ͡ΊʹࢹઢਪఆϞσϧΛ

ֶश͢Δɽͦͯ͠ɼࢹઢਪఆϞσϧͷॏΈΛݻఆͯ͠ӡస



(a) 歩行者

(b) 信号機

(c) カーブ

(d) 交差点

入力画像 出力

コマンド：車線追従，steer：0.02，throttle：0.00

コマンド：右折，steer：-0.27，throttle：0.00

コマンド：車線追従，steer：-0.02，throttle：0.02

コマンド：右折，steer：0.01，throttle：0.61

ਤ 3 : ઢϚοϓਪఆྫࢹ : steerෛͰࠨɼਖ਼Ͱӈͷ
εςΞϦϯάૢ࡞Λද͢. throttleɼਖ਼ͰΞΫ
ηϧૢ࡞Λද͢ɽ

ϞσϧΛֶश͢Δɽޚ੍
ධՁ࣮ݧͰɼγϛϡϨʔλڥͱͯ͠CARLAΛ༻͍

ͨݧ࣮ߦΛ͏ߦɽධՁࢦඪʹɼNoCrash Benchmark
[2] Λ༻͍ΔɽNoCrash Benchmark ͰɼCARLA ্Ͱ
ҟͳΔλεΫΛ࣮͠ߦɼࣗಈӡసͷੑΛධՁ͢Δɽ
Ͱ͋ΔڥΔϚοϓɼֶश͢ߦ Town01 ͱະڥͷ
Town02 Ͱ͋ΔɽλεΫɼಈతମͷʹΑΓ Empty
townɼRegular trafficɼDense trafficͷ 3छྨʹ͚ΒΕɼ
ҟͳΔڥަ௨ঢ়گʹ͓͚ΔӡసੑΛධՁ͢Δ͜ͱ͕
ՄͰ͋Δɽൃނࣄੜ࣌·੍ͨؒ࣌ݶΛ͑ͨ߹ɼΤ
ϐιʔυ͕ࣦഊͱͳΓɼత౸ୡ͢Δ͜ͱͰΤϐιʔ
υޭͱͳΔɽ

4.3 ઢਪఆͷఆੑతධՁࢹ
ઢਪఆ݁ՌͷྫΛਤࢹ 3ʹࣔ͢ɽਤ 3(a)ͷา͕ऀߦԣ

அ͢ΔγʔϯͰɼিಥͷՄੑ͕͍ߴาࢹʹऀߦઢϚο
ϓ͕Ԡ͠ɼݮΛ͍ͯͬߦΔɽਤ 3(b)Ͱɼલํͷ৴
߸ʹԠ͠ɼӡసʹඞཁͳମΛࢹͰ͖͍ͯΔɽਤ 3(c)
ͷΑ͏ͳΧʔϒʹ͓͍ͯɼΧʔϒͷ͖ߦઌʹԠ͓ͯ͠Γɼ
ਤ 3(d) ͷަࠩʹ͓͍ͯɼަࠩͷӈํʹԠͯ͠
͍Δɽ͜ͷ݁Ռ͔Βɼӡసࣔࢦʹ߹ΘͤͨਐํߦΛࢹ
Ͱ͖͍ͯΔ͜ͱ͕Θ͔Δɽ

4.4 ӡసੑධՁ
ද 1ʹݧ࣮ߦͷޭΛࣔ͢ɽද 1ΑΓɼ΄ͱΜͲͷ

λεΫٴͼڥ݅ʹ͓͍ͯ CILRSΑΓޭ͕͍͜ߴ
ͱ͕֬ೝͰ͖Δɽ͜ΕʹΑΓɼࢹઢใ͕ӡసਫ਼্ʹ
ɼͲͷλε্Δ͜ͱ͕Θ͔Δɽ·ͨɼਫ਼͍ͯ͠ݙߩ
Ϋʹ͓͍ͯ֬ೝͰ͖ɼ੩తମͱಈతମͷͲͪΒʹ͓
͍ͯࢹઢใ͕༗ޮͰ͋Δ͜ͱ͕Θ͔Δɽ
ಉҰͷ࣮ݧʹ͓͚ΔΤϐιʔυࣦഊݪҼͷ͏ͪɼಈత

ମͱͷিಥ͕ݪҼͷΤϐιʔυࣦഊΛද 2ʹࣔ͢ɽ͜͜
ͰɼCol. Ped. าऀߦͱͷিಥʹΑΔࣦഊɼCol. Veh.
ंͱͷিಥʹΑΔࣦഊͰ͋Δɽද 2ΑΓɼఏҊख๏͢
ͯͷ݅ٴͼλεΫʹ͓͍ͯࣗಈंͱͷނࣄ͕͍͜
ͱ͕֬ೝͰ͖Δɽޭ͕Լ͍ͯͨ͠ະఱީΛؚΉ

ද 1 : NoCrash Benchmark ޭͷൺֱ݁Ռ [%]

݅ݧ࣮ ަ௨݅ CILRS Ours

Training
condition

Empty 92 95
Regular 63 77
Dense 15 25

New weather
Empty 92 96
Regular 64 60
Dense 8 28

New town
Empty 54 66
Regular 29 46
Dense 8 12

New town &
weather

Empty 72 66
Regular 44 42
Dense 8 12

ฏۉ 45.8 52.1

ද 2 : িಥނࣄʹΑΔΤϐιʔυࣦഊͷൺֱ݁Ռ [%]

݅ݧ࣮ ަ௨݅ ࣦഊݪҼ CILRS Ours

Training
condition

Regular
Col. Ped. 9 4

Col. Veh. 21 11

Dense
Col. Ped. 21 16

Col. Veh. 57 47

New weather

Regular
Col. Ped. 6 14

Col. Veh. 22 18

Dense
Col. Ped. 14 16

Col. Veh. 68 48

New town

Regular
Col. Ped. 9 9

Col. Veh. 30 16

Dense
Col. Ped. 10 16

Col. Veh. 68 58

New town &
weather

Regular
Col. Ped. 6 10

Col. Veh. 24 16

Dense
Col. Ped. 14 20

Col. Veh. 70 52

ฏۉ
Col. Ped. 11.1 13.1

Col. Veh. 45.0 33.3

݅ʹ͓͍ͯނࣄ͕վળ͞Ε͓ͯΓɼCILRS ʹൺͯ
ΑΓࣗಈंʹԠͰ͖͍ͯΔ͜ͱ͕Θ͔ΔɽҰํɼาऀߦ
ͱͷނࣄɼֶशڥʹ͓͍ͯվળ͞Ε͍ͯΔ͕ɼະ
ͷڥʹ͓͍ͯނࣄ͕վળ͍ͯ͠ͳ͍͜ͱ͕Θ͔Δɽ
͜Εɼֶशσʔληοτͷาؚ͕ऀߦ·ΕΔγʔϯ͕
ෆ͠ɼͦͷଞͷγʔϯͱൺͯาऀߦʹର͢Δࢹઢਪఆ
ΒΕΔɽ͑ߟͰ͋Δ͜ͱ͕ࠔ͕

5.͓ΘΓʹ
ຊڀݚͰɼࢹઢใΛ׆༻ͨ͠Ұ؏ֶशϕʔεͷࣗಈ

ӡసख๏ΛఏҊͨ͠ɽࢹઢਪఆϞσϧΛ༻͍ͯɼӡసγʔ
ϯʹ͓͚ΔॏཁͳྖҬΛڧௐ͢Δ͜ͱͰɼγϛϡϨʔλ্
Ͱͷݧ࣮ߦʹ͓͍ͯӡసਫ਼͕վળ͞ΕΔ͜ͱΛ֬ೝ͠
ͨɽޙࠓɼาऀߦγʔϯͷਫ਼্ࢹઢਪఆϞσϧͷ
ಛྔΛӡస੍ޚϞσϧʹར༻ͨ͠ख๏ͷߟҊͳͲΛݕ౼
͢Δɽ
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