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Abstract

Target detection model is widely used in key safety fields such as automatic driving, and the interpret-
ability of its decision-making process is very important for system reliability. The current research
focuses on how to improve the performance of the model, and pays less attention to the interpretabil-
ity of the model and the internal relationship between the interpretation quality and decision relia-
bility. In view of this problem, this study systematically explores the relationship between the perfor-
mance of target detection model and interpretation reliability. Based on the Kitti data set, three fast
R-CNN variants were used to carry out experiments in simple, medium and difficult scenarios. The two
interpretation methods of grad cam and smooth grad Ig were combined with the newly proposed en-
ergy based pointing game and performance explanation correlation indicators for quantitative eval-
uation. The results show that the PEC value of resnet50_poch20 with the best performance is -0.189
in simple scenarios, which reveals the phenomenon of “interpretative trap”—high confidence predic-
tion is accompanied by low quality interpretation; The thermal maps generated by grad cam are scat-
tered and have significant differences among models, while the thermal maps generated by smooth
grad IG are highly convergent and have high consistency among models; The problem of interpreta-
tion reliability is the most serious in simple scenarios, which is contrary to intuition.
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1. 5|15

BEAE VR ST HAR I EUR R, H PSR IR A CUFE B2 0l 0 Al S0 I 44 55 e A SRR AR A 3
ZRA[1]. XA, SRR ZEA & mk R Iae 7y, B RER MR AE R s
2, DS PSR RG22 42[2]

H A E T AL A% AT 55, FOABE R B4 3 B R 4324 BT B (one-stage) R BE (two-stage)
KHK[3]o MBS 1 5 A X 38 1 (Region Proposals), FXT £ I X AEEAT 73 AN SRR, R T
FHH ARSI R0 R-CNN [4] RIEZIAER MBI, M 2014 £Ef1) R-CNN £ 2015 411 Faster
R-CNN [5], i 51N X3 0 25 (RPN)SEE 1 o B I 2R, RIRSRTE AR . 582K fE f14% Mask R-
CNN [6] (2017)8410 ¥ e 5 #1453 37, Cascade R-CNN [7] (2018)5% FH 2 eka il Sk 452 ks ¥, LA Libra R-
CNN [8] (2019)@ S I8 RAFEARHES I O & . AHELZ N, BB BOB Y B T B AR Al 7
HE, To i XSGR BOP IR, BAA S HEE A . R TAELHE YOLO [9]%41(2016~2023). SSD [10] (2016)-
RetinaNet [11] (2017)5| A Focal Loss R FEAAPAT ] #1, DL FCOS [12] (2019):K FH o HE R 1T

HubFEER, PR TR REXAD NE IR EOR K, ol AR N L B (XAT) J7 VE AR 8 g R i L T
3 N W TE B (Intrinsic Explanations) 12 5 i B (Post-hoc Explanations) P K28[13]. A TEMRB 7 VATEARTY
PR B RN PR e v, (AR A By ELAG ARBERE 7, /B e SROARS AR I T 0 DU A 28 S5 A By it FL A T
R . ML, FHEMRINEE ISR RS ERH, ASCR AR L5, 12
I AT BOR LR, AR 357 (U Grad-CAM [14]. Score-CAM [15]). #3125 777 (LIME [16].
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SHAP [17]) A Je B B FE 75 2:(40 SmoothGrad-1G [18] [19])%%.

IR H AR AR S A5 32 B SR REFR AR mAP) [20]. X TR 7 i BUA T 70 1 R AL TRt
JEAHHEGE, U0 Score-CAM. Layer-CAM [211558 B 55 iR I A F AR & TR R8O8R BV TG 4%
TR SR, XL AR ZAT RRTE AR R, shEX “MABR G MARSGIHE. REC
AW FE 8 W AR 5 10 A B A7 J= B (BB 2 27 VR B NS UK ), 8 AR S 5 A TR Sz s e 355 )
PEZ R R AR BRI ZE R T RRBIRTE 2 A SR FH b, SREASEZR 7 v 045 5 0L ) 2 AL £ A e
HIKT, BSBUTEN AR, X — R 8 H e B AR & 5| R 2 9% EA22].

EExt IR, AWFFARTC T BAR IS S M B SR T S I OC &R, SR “ARREPERERE” 1
M —— BB A7E 1 LA P OO e M S AR PR BRI % . ik, AWFFL BT T Energy-based Point-
ing Game (EBPG)#l Performance-Explanation Correlation (PEC) &4t bx, AT & PEAN RS Hbrxt %11
2 B A, A 4 S AR T TR A DG

A5 K Grad-CAM Hl SmoothGrad-1G PFIERE 51k, X = FhAS[R) N 2478 B S )11 25 S J11Y) Faster
R-CNN ZZ14(ResNet18 Epoch5. ResNet50 Epoch5 1 ResNet50 Epoch20)#E47 % Eb 704 J&F KITTI B 5
AMEFEhRAE, A SR IAIE S G R 0 i B . RS R HE =847 5, ilid EBPG Al PEC 545 R G iP5
REARFS S PR AL, R, AREFFIRN T T Grad-CAM 5 SmoothGrad-1G 75451 [X 43 fE
FRIZESR, R T Grad-CAM 1E2 HAR¥ SohEE /10 8 B BR Y, LLA SmoothGrad-IG 7E# R “fifRE
PERGARE” I0 5 Ap A e o

AT TTRRE T2 (1) 76 BRI ST R BT B T “MEREMERGRE” L% (2) $2H PEC fabsfEN
PR RE AT SEVE R BTARIE: (3) HBoR T3 . BB R E 5B nT S 2 MR R K R .

2. LIS E
2.1. IFTRXS

HNARGHR T B bR R AR AN R A FE 3 5 N R T S 22 e, AU T KITTI B 5 AEFEAR U
XIS TEAE AT REA R 5y o E B SR o S (B AR IR AE T HARKTIITESS h, 3555 0 B e e s
R PSR A E R D o ok, MiIE TR, BERLIEAN R 3 3% 5 o n] RE R I HE AU SR AN [ (1 A e
JREAEE . BRI, B CRERBREREME” BLRMME R T E X RS E g, OB LE g 5 p
A AT AR RSB 45 I 2 1T A AR ECSARAE, X — S 75 B I 37 5 S v 0 7 DLBRALE

AWK KITTI2D H bk IS 42847 5250 50 31E , 12 55098 45 A2 1 5725 B 4l i L AR 38 1 o v 4
W2 —, AF 7481 KN EIUEHR 7518 sk EG, RETHEM. 17 AFIRATH S H MRS .
MBI 45 SR AT SEPE R AT LU, AR SO ARG KITTL B 7 MEFEARAE, ST B AR e (= I
P, #W K 1497 TRIGUESE EUE R 5 R =AM FE G -

O fajHdzF(simple): 15 351 5K E18(23.4%), FEEFENHFRHE “FE >40 B 5. WRIEE N
0. il <0.15” &M, HIEMEEFREB] <15%. 1283500 BARF50E N 1.6 4, WHEE s HEA 0%,

@ g E(moderate): 5 674 5KEIR(45.0%), FHEAMETEE “FE > 25 BR. WRFEE <
1. 2 <0307 &R HAR, BRAMEHFREG] <15%. 3550 BirFH8E N 4.7 4, WA HFRE
#1259 2%, H5E B AR EHIA 54%.

@ WA Fe(hard): BE 472 KEMR(B1.5%), FIENRMEERGHE “@E > 258K BRREE <
2. #ilbr <0.50” &AL > 15%. MRy BAnTH%ER 7.8 4, WHE ARSI EIL 34%.

KRR THERAT LRSS (1) 56 KITTL B 7P bsiE, BRERE R ATttt (2) A B Annl A
JE 755 W B3y S P, T S ST s (3) A TR B R (R A7 AE B B B R IR, (BT 45 SR i
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2.2. {REHE

HNRGIRTE BRI VERE S5 AR T SEVEZ R OC R, AW FLIEHX Faster R-CNN E 9B AiHESE,
R =P ARRIEATR 4T %4% Faster R-CNN BBREIZET: (1) 1EAMBY B B Al Bz, H
fE KITTI %5 {384 ERA T Z M RFERE: (2) HBHAETHE TR A &M%, &E&a
BT RIRRREVEREIE: (3) VRN TS AN ZEAR T 2 R AR HERS Y, A e g RBAA R = 1S I E

AW FE BT AR AR A B 7E 3R G0 7% S AL 50 4 FE 5 I 2 70 7 MR AR mT S 1R 1 52 e«

(D ResNetl8 Epoch5: KR ResNetl8 EAH T M, gk 5 A

@ ResNet50 Epoch5: K FFR#E ResNet50 1EAE T M4, gk s MR-

(3 ResNet50 Epoch20: K ResNet50 /E N T M4, (HIEKIIZRE 20 .

P 1 A 350 5% ) 56 4 AH R U R0 B DA DR B R AP W0462% 213 0.001, ftE R/ 2, ks
N SGD (Fh# 0.9, BLEZER 0.0001). Xk E i ML (RPN) SR L R 2 AR EL ey 1:1, HEHE LB 5
KITTI B 7 5 B B R R — 3 IIZRd fE i R A RS R, B0 TEER R REIELL 5 N RS T M 28 1311 2.

2.3. RBS*

2.3.1. Grad-CAM

Grad-CAM (Gradient-weighted Class Activation Mapping){F A E 2R ik AR 3%, @ikt 5 H s
5 5 %ot 2 BRI T PR P SR A I ) 0 0 e A o A o S AR R S o s S 5 T A ik ) PRI (X
B, HEART:

Lo oun (500) = Rew[za,:Ak (x,y)] M
k
e_ 1 o°
a =~ Zg—a 7 (L)) 2

A, 4RI b NEPUHEEL o 2B ¢ XL G R RHIE IR BT 4 R P 2T A 3RS,
Z NA—ARE T T ERRHEEM I T IE SRR, B SRR J AR B AR, [
I FLBOR M A2 BF A B T 3R FARXT SR 42 J/ 1R 30, IAIEARHT i35 Faster R-CNN A% backbone [f)
layer4 [-1]{EN H )z -

2.3.2. SmoothGrad-I1G

SmoothGrad-IG /&4 it & (Integrated Gradients, 1G)5 SmoothGrad ({45 & 51, B BARFA 7 Al
PPN AL RS . SRS AR . HERILRIE T DA R A s A
L 6F(x'+a(x—x'))d

(€))

SGIG, (x) = E, oe?) [1G, (x+v)]~ %ZN:IG,. (x+v;) 4)

A, x AMANEG, X NELENETT RS EREE), v MIRMIESSHA N (0, oHIBERE, o Nix
WZERH TR EN 0.10), N AWEFEFEERZCA LI 10). AFIIREAATR PRI, FRa P80 25,
2.4. BLIERR

2.4.1. EBPG #E#Rig&it
e BV E AR B A Y a] R B, A SCHEH Energy-based Pointing Game (EBPG) VAl fE#x
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HatHE AT
Z(x,y)ebbox heatmap(x7 J/)
z(x,y)eimage heatmap ()C, y)

A, heatmap (x, )R RNLE (x, )2 B REEAE, bbox N HARILFAHEX K, image Fon R XK., %
fabnfi & 7 RAE R UGS B AR G s B R, EISTE A0, 1], (E# R OGE X RS H
FRXT G — Bk, RIS XIS BARX Ra S E G, R, (ke 0, FoRBiTe
HEBEEPER FXE, BEREICT. e S B Al FHE N $OE S BRI ER s, &
B R 705 B R R TCACREFE .

EBPG {EN Pointing Game [23]|FIEALY &, BIEFMITAL H PRI 17 = bl 5 B baxd 20
7] —2 1t . %%t Pointing Game {8 IS — e HIWr(/2 A48 ] H bR) VPAS AR &, AA7ERLEERTRE (1 R R -

5#£4; Pointing Game AHLL, EBPG HALLF =i % (1) RAGELEAAIEA, 8% = okl
Ketts (2) EH T2 Birdpst, wlERHEANR I SEB Bl 5 (3) SRS BN B, 8 T 45 SR AR
WAk, 3L [min (EBPG), max (EBPG) VA B PR AR E 1, VU FI R R B AR, S YO TR 0 2 1
FERE T SETR R B K
2.4.2. PEC B#RI

ARGV H AR IR R g S AT SE 1, ASHEFi 4 H Performance-Explanation Correlation (PEC){E#5 ,
HoAZo0 JAAB @i AR 2 B0 At 43 b B (AR R T 0 B4 5 AR ot 2 RD F P 7 DR TG o

% 3] Spearman FRAH K REOM LM OC R BUK, HAVKE T 8ds o il ik, & s Wl iR iiE S
BEEMERRE. AW H PEC KH Spearman FiAH ¢ R T H Al 7335 EBPG {2 [A] A G

PEC = p = spearmanr (detection _ scores,ebpg scores) 6)

EBPG = )

p=1-2d ™
n(n2 —1)

Hrfr, detection scores R NI H AR E (S 5020, ebpg scores AN TN EBPG {H, di RN
i RIS IR 22, BRI 4344 detection_scores 5 ebpg_scores IHEF AL E 2 722 n NS5 0 HTIAE R
Tor S B o 128 I LR PN S S 1 — S SR S A A B A5 R S AR o B TR SRR A DGR R
PEC fH MR SRR X IEERSEATE S EAE FE T S8 4 7 Sl I ARRE, UoRd iR & £
B 2 WA 43 Hi 55 e o B TG 2 AR s T UE AR 7R 1 “RevERa " IR —— R E(E, Hik
HARYE MR SE . 24 PEC ANFARS, BRI GEfabr(mAP)YIL R, kS A2t m e Aot T Zdis

22 B SRR .

3. LG R
3.1. MEgEXTEE

F BN T = RBORAE KITTIHE 5 =AM S0 E I mAP@O.5 45 3L . S 4KTf 5, ResNet50_Epoch20
TERTA SR R B, ResNet50 K2, ResNetl8 HEAEHAR. XFF AT, RN IR X 26 A )
VI ZR R 30 55 el ok B s (R A 2

HR WA, BrA B B Soh IR R m T WHE 5, X5 KITTI B R — 38—
fai B R R EARSE K. SIS, SERGRAEIE] . SR, MERERA AR —E Bk v S R o AT e,
X L I R o B VAl g — P B .
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Table 1. Model performance comparison

= 1. mRMEEERTEE

BBy ResNet18 Epoch5 ResNet50 EpochS ResNetS0 Epoch20
] 2R 0.707 0.713 0.731
&g 0.615 0.643 0.670
] 4 0.594 0.631 0.655

3.2. Grad-CAM

% 2 JBIR TR Grad-CAM J5idixt =R RTE AR [H)37 50 B AR VP Al 25 S e br R i

O RS SRR R IR e b S5 R DR 3 37 S5 b 2 2 00 LR 60 v 1) g 0T B (EBPG >
0.35), A1 ResNet50 Epoch20 7£ [ 37 5t ik B i mifE 0.497. X —45R 55 1 hikRe Rl —5, R
FEFE BRRMER 3 b, B ) T 00T H AR G FLSREAE

@ MR SR AT SRR BT IR (15 R, ResNet50 Epoch20 7E K #E3% 5t 148 EBPG
1B 55 51(0.497), {HIL PEC {HEZIL T %(—0.008), 7= 2B (1) =y B A5 4 T -5 M e o i 2 [8) ) L"F-3% A A OR
o X—RIBER T “ETERA—E RWE R S AR

@ fiify s MEERE: EFBRgat, RERARLYEN EBPG {EHH & (>0.38), H
ResNet50_Epoch20 [ PEC {(0.285) % % T- H AR AL . 1X5R 081, B RMERemAEmRial, /M By s
WA REAFE MR T SR E A R I R R, IR TR ] BR AR 115 SR R AE HARFFAEEAT YK

Table 2. Grad-CAM evaluation results
%% 2. Grad-CAM iFE4E R

AT Y5t V%) EBPG PEC FEAEL
ResNet18 Epoch5 iy FL 0.380 0.320 100
ResNet18 Epoch5 & 0.354 0.597 100
ResNet18 Epoch5 PRl 0.363 0.662 100
ResNet50 Epoch5 faj H 0.400 0.377 100
ResNet50 Epoch5 &g 0.426 0.333 100
ResNet50 Epoch5 IH A 0.422 0.584 100

ResNet50 Epoch20 i H. 0.422 0.285 100
ResNet50_Epoch20 g 0.470 0.424 100
ResNet50 Epoch20 Rl 0.497 -0.008 100

1 J&7R T 1% Grad-CAM J7i50} —Fif5i!(ResNet18_Epoch5.ResNet50 EpochS Fll ResNet50 Epoch20)
£ car. pedestrian fl cyclist =2 Hix FRMERESGE R . WEKIN, Grad-CAM AR # 7 B2 I BT 1)
YRR I XA o H AR RA S, 38200 T R 2R HAR AL X . Blan, fE4T ANkl 2
B, R R AT A, PO BRI w1 UGt HAbAT N XIS, R R o B (R
PRI ZA T AEAFERNRE, AR IERAI I 70 205 € H AR (& cyclist KAIF7R), Grad-
CAM AT I E0 B35 A T B A R SE H xR 4 ATl 22 . X — I RAE=F Faster R-
CNN 24 (ResNet18 Epoch5. ResNet50 Epoch5 il ResNet50 Epoch20) b3 —FH I, T LA BB S, &
WFFEINN Grad-CAM H BT W BNy RAESS, SBOLRVENLHIART L& “RAE” Mk “sSLHlH” .
EZ Hirp s d, Grad-CAM M le) TRt & 1 70 8 e BUR h A R 2B R, Jeidifs RaUX 73 A — 2850 T i
ENEEXIR
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Figure 1. Grad-CAM method explains the results of three models on three types of targets
1. Grad-CAM F5 &% = MR BYE = K AR EROMRERR R

EAh, ANFERRE ) Grad-CAM # BRI B3 % 5 . ResNet18 Epoch5 [F#EIAXTEE+ T+ H
FRX 38, 1 ResNet50 Epoch20 M R Bz 1/ J) 04, JCIHRAEF g e . XS e 22 57 5 52
2 1 Grad-CAM PEAS 45 5 — 80, K5 9)5E 5 ResNet50 Epoch20 7£ fi #3755 o PEC {E A X Hi%(0.285) I B %
FHIRR, B 7R T AR A = A P TO0I B P B A7 7E ARRE T S 1)

3.3. SmoothGrad-IG

Table 3. SmoothGrad-IG evaluation results
%= 3. SmoothGrad-1G 145 58R

iy 75 V¥ EBPG PEC FEAEL Map@0.5 EBPG [
ResNet18_Epoch5 i H 0.310 0.007 100 0.707 0.000~0.682
ResNet18_Epoch5 & 0.236 0.129 100 0.615 0.000~0.828
ResNet18_Epoch5 IR 3 0.253 0.148 100 0.594 0.000~0.783
ResNet50 Epoch5 faj £ 0.254 —0.090 100 0.713 0.000~0.672
ResNet50 Epoch5 &g 0.102 —0.145 100 0.643 0.000~0.759
ResNet50 Epoch5 TR A 0.112 —-0.210 100 0.631 0.000~0.637
ResNet50_Epoch20 ] 5 0.350 —0.189 100 0.731 0.000~0.782
ResNet50_Epoch20 & 0.195 0.327 100 0.670 0.000~0.722
ResNet50_Epoch20 R 3 0.233 0.146 100 0.655 0.000~0.738

% 3 KA NFEN SmoothGrad-1G J7 kT VFAE, 78 1 5 NERZIM &I

© “fARErEraE” B IEIESE . PrA B A B S i PEC EI A BB, Rl 1R i
£ ResNet50_Epoch20, H: PEC {HiA#]-0.189, RWIZEM Szl AR & BAE BTN 5 fidhe i & 2
RFEFAK . X —IRATRIA “WRIEREBE” —— A0 B 15, LSRR SO A vl 52 Xk, AHF
FoANSEPEREE Y TR R AR ISR, FTRER R H 2 s it: AW 5T B ARK R L SRFIE
BEAT PR SE(75 EBPG MH), A I AR TS 55 2 R s 4R 22 54T UK (K EBPG f8). Rl (BT =R,
ResNet50 Epoch20 7£ i HLiz 5 1 EBPG 1 [l ¢ 95(0.000~0.782), 5341 PEC {H R ELIH XS L, 2R BH %A%
RUAESELLIE 0 N RESR (i = BT B ARRE, TAE HABAE O R LA ST BARK B S EWEAHITIZ, R85
TR “RERETERERE” RO E, X AR BN Hir R E . BRI RT, BAER G KBE RER
fif v BRI, ML T, PEAERLIRA ResNet18 Epochs 7E A 175 rh E R B A4 5E 1) PEC (5
FEIE(E), RKRZEM S BRPEREEAS, (HARAE T — B0 ks .
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@ FRRETTINT VPG S5 R A5 : ResNet50 Epoch20 7E R #E37 5 rh i) PEC B AEPifh 732 F LB 2
Z25: Grad-CAM PTAE45 5 4-0.008, 1 SmoothGrad-IG AL 45 A 0.146. X — %7 E£W, Grad-CAM
A REARAY 7 PRI 5 b AR B 1), 170 SmoothGrad-1G 38t M 75 P K $ At 1 5 BB RN /] 5 (1 PP A
iR

@ MR 5 WIS : ResNet18 75 AT 5t R I H cfa e 1) PEC {H, B2 7E fa 5
Wit PEC £ T-%(0.007), T HABPIRASRL . 13 BH B0 10 0 245 45 44 ] BE B2 AL T — B0 I e o m] 4
M, RSB AK. RN, #Mil45 R (ResNet50 Epoch20 #H L ResNet50 EpochS) AR HE
AR T AR T S

@ fREREREM BT EBPG YO /BT iR 4 T ¢ TR RR E M OGBS B .
ResNet50 Epoch20 7 i B3 5 1 ) EBPG JE 9 0.000~0.782, B H AR R B IEIA, AT etk ik,
AL Z T, ResNetl8 fEAH A% 5t 1 EBPG Y N 0.000~0.682, B aNAHXIH/N, R NtaE . HhagH
1) ResNet50_Epoch20 174 75 ] #3757 b R AL 5% 58 (1) EBPG i [l(0.000~0.782), 5 H 6t PEC {E(—0.189)
TR BRI LG . XFil, ABFTEINN, AL A bz sl N RedR At = T & A PR (EBPG = 0.782), 1l ££ A
TEHL T LA SGEE B a4t R(EBPG =0.000), HixFhifsh 5 &5 E 2 AU 0—— A E 5, ik
ROMBAT S, M2, PEAEEUKH ResNetl8 Epochs 7EAHFZ 54 EBPG i H %2 (0.000~0.682),
PEC fH#%EIL T%(0.007), RUHMREBA AT viaE. [, #55t EBPG JuF ik 5 T
MG, X EHEW S, R Rh B R, R BEED, ARER SRR e R,
T 91 EBPG Y. X IR FARESR ML M g 5t BT 2% ) (0L S 2k R s A 2= i
HE, FERRER SRR, MERME S, BT HARAREE., B E, SR AR
FLSRFAE, 1T R I R AE X — B P SR AR

car pedestrain cyclist

. “ ‘ o

Z < MLSAL ] -z e
e - --
e - --
e - - -

Figure 2. The SmoothGrad-IG method shows the explanation results of three models on three types of targets

2. SmoothGrad-1G AN = MR R = KX B FMBBERR R

K 2 J87n T KA SmoothGrad-IG 7724 s TS5 R . LT Grad-CAM 757, SmoothGrad-1G
T B ARAR S R RSN, B SRS A b 7 X R e A S o S S OE B LR R X A, KRB
AR T AR I B AR, AR S T S AR I HERAYE . SmoothGrad-1G 7 A I #4 7 BEI R IR L vy
FERIWCSAE: AT E XIS A T B RS L A3 N, BXFRISE B AR AR SL ] T4 . 1
AT NI, 3807 ORGSR AR TR AT NI S AR DXCI, T T B At AT N P D v B J 35 A

AN, =Fh5AI(ResNetl8 Epoch5. ResNet50 Epoch5 1 ResNet50 Epoch20)f#i ] SmoothGrad-1G 4

DOI: 10.12677/airr.2025.146134 1440 NILERESHLE AT


https://doi.org/10.12677/airr.2025.146134

H-RH

J IR AT EIAE 25 (8] o3 A b 3T v B — 35, B AE B A A R AR AR 22 S OIS DL R o 31X — 3K
PE 5% 3 H SmoothGrad-1G ] EBPG 7t [ 73 #r 45 S AHY) & , 70l /& ResNet50_Epoch20 7E i #.37% 5t 41 EBPG
JE 4 0.000~0.782, 2 B H ARSI S AN EUK,  (HFA BRI 23 18] 43 A0 A AT DR AE R A E

3.4. RimFRGISTHT

6 AIE S} AR B B T ML A1) R 5 48, AT 78 % ResNet50 Epoch20 ) EBPG #3fitAE el 34T 1 ] 41
5. Wil 3 BiaR, K EBPG 1E(0~0. 1) 541 22 J9fii 8 B ARCK HIGHERY), Bhmh B = S i e B s
HFHEZ AL, AT SE FATSR IERG; 1 EBPG {H(=0.6) 1 651 2 N e H Ar(/helii £ ™ &), Wl 4 B
IR, BRSSP TR H AR FAE P

MEARIE IR, RSN m g R 2 R A& 8, b R ek 8t
TR R . 7E KITTI B3RS+, fA7E B B3 St 4 AR (U0 “ B AR B30 55 SR AR AR 7)),
XS EEA R TR T LRI “3ER7 o ST RIS E bR, X SRR L LSRR IER T, A
R e “ AR —— KB SR RIT YR, S8UK EBPG {H(0~0. )fE T (E#f . 1fixs T
HbRCNBOESS ™ HE), 1 5RBA L LSRR TN, BB 0% 5] “ B A7 —— &0 H b5 BSURFE,
E}ﬁﬁ EBPG 1H.(>0.6) EL7iill £ .

SE9UARE T PEC SUEMITERL: TEMIRI b, AR 5 H AR I e LS B T AR A 1 “ 4 A
E%ﬁ(ﬁ#%“ﬁ‘?iﬁ) TG E (S T T REARSRE R T “IEH” BRI ES), SHRECEESMRIE
BEHRAMX. M, ERMES s, BT AR RHIEA REIERA TN, D5 b EAS R T e 1
W& = R B, TERIEA DS, 7 3 BB IR, ResNet50 Epoch20 7£ & #.3%5t PEC 18 ~4-0.189, fE
PRI #Ed7 5e HF PEC BN 0.146, 1X—Hdixt thikse 7 Fikigid.

EBPG=0.000

EBPG=0.000 EBPG=0.000

EBPG=0.006

EBPG=0.007

EBPG=0.000

EBPG=0.000 EBPG=0.002
= |
|

EBPG=0.000 EBPG=0,007

Figure 3. Case display of extremely low score of SmoothGrad IG method
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Figure 4. Case display of extremely high score of SmoothGrad IG method
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