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Evaluation of the Effect of Neural Network Training Tricks on the Perfor-
mance of High-Resolution Remote Sensing Image Scene Classification
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(1. School of Information Engineering , North China University of Water Resources and Electric Power, Zhengzhou, Henan 450046, China;
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Abstract: Machine learning have been widely used in high-resolution remote sensing image scene classification task.
However, the current research mainly focuses on data features and neural network structure, and the effect of neural net-
work training tricks on remote sensing image classification performance is rarely mentioned. Therefore, this paper selects 7
neural network training tricks commonly used in natural image classification for experiments. According to their experimen-
tal performance in 3 large remote sensing image data sets and 4 widely used neural network models, neural network training
tricks suitable for remote sensing image scene classification are selected. The effect of multiple neural network training
tricks on the scene classification performance of remote sensing images was evaluated in detail through ablation experi-
ment. An effective neural network training strategy was obtained by analyzing the overall accuracy, confusion matrix and
Kappa coefficient, and the effectiveness of the neural network training strategy on the scene classification performance of re-
mote sensing images was proved. According to the results of the stacking experiment, the combination of 7 training tricks
can show good applicability in different network models and data sets.

Key words: machine learning ; high-resolution ; remote sensing scene classification ; training tricks ; neural network
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FIEFRFE47 . FSE R K, FE T CNN LR 1)
IR UGG 5 i RS R TR R JORE T TRVE FE AN
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PRAE T BF 5T BB S, Cheng 2 NS B e 2T 5
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2.1 FIRHRHINZ

=93 sz‘:#h%l}”?ﬁk (Learning Rate Warmup Training)
S — P S /22 2] % (Learning Rate, LR) 2% 12 713
Wt > 0 75 2, AT LA 2 A A A I 2] 40 e /N
X (Mini Batch) YU 73 A 7 22 80K 5 R 13 #05 BL
S DR FFEUIE 23 A 1A TR I DR AR A IR 2 i AR e
POl TR 2 ) e 0 2k
S DINERIE) ) e o B Sl

Lr=" (1)
m

o, m A s IR AL A 2D R 1<i<m.

2.2 KMRRBIFEIR

28 PE Hb 51 2% > 3% (Linear Scaling Learning Rate)
BT RN R0 53 264E: 55 . e rh 2l i $ i o
> SR 7 2RI 5 3 AR R 18 S5 1 batch
size BEE N 256, WAL ) R ECE N 0. 1,45 H B batch
size N b, W1 AL 2] SR BCE U

LR=0.1x% b

756 (2)

2.3 TRERH

Jo i B %8 (No Bias Decay )/ b —Fh IE NI{LF B,
AT A e R Bl A 55 A S T X 2400 H L2
IE AL, (42 55 F 0. {1 Jia % A" 7E ResNet-50 Fil
AlexNet b (i 50 45 K W - A4 % 452 2 A A2 1 AL
G A IR, AT IR B 2 SO AR, okt i BE AL
HH .
2.4 REZEFIJERH

R ATE I L ik A 8 5 2 o] AT g I 5 o 2 AR
145, He %5 A\ PVI7E S I0 p 48 FH 45 30 4 AL IR AR 0. 1,
Szegedy %5 N2 AE 2 56 v ffi FH A 2 A4 JE I A1 0. 94.
Loshchilov ¢ PNGEE iG] 4x 7% 2 ) R ZF )il (Cosine
Learning Rate Decay ) 5 B A] LU 2005 I 2tk B2 .
1% batch size BB TONL & FEAEY BX 14 batch size ) , T
TEHE—HER 1,220 Ky Ry

1 m
77,=2(1+COS(T))'1 (3)

Horb o hIhG > 3%
2.5 WmEFEE

P25 (Label Smoothing ) A% 57 = J2&— F 11 | 4k,
D735 0] LAAT RO N (a1 BE B el D 2 N BE S . Szegedy
A N He %58 N8R Midller 25 N HR B 2078 H SR KIS
FRIIE AT R .

FEZ A HEINRAT 55 BRI 285 Ay i A IE1AZ
K IR (N 2, R i B B R 04, g =
softmax (z) %75 Softmax JH—b4i i , Bt LSS i 25 T5000 4R
Hq A FRRH

~ Kexp(zi) @)
Zexp(z,.)
A AR B SAR N y, B A i N
b 1, if(i=y) (s)

0, otherwise
it HIZE U R BT S K
loss(p,q):—Zpi logq, (6)
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TS 3 5 DG A S0 A 38 A
2o {+oo, if (i=y)
0,

otherwise
PVt e de A W T 25 Inception-v2
B, o SR AT B N
1-¢, if(i=y)

] (8)
, otherwise
K-1

Horp e A {EAR/ N R
SESUIRAR AR R BTG SR B O

(7)

pi =

' 1—¢)-loss, if(i=
loss(p.q) = (1=e) ( y) (9)
¢-loss, otherwise
I, Fe L As R
(K-1)(1-¢) ol
2= log . +a, 1f(z—y) (10)
a, otherwise

o o WA SR

T 2 AR TR 30 o0 A1 ) L SR A B 2 A, (S I 4%
)7z AL RE
2.6 BEIIZ%

1B G U2k (Mixup Training ) #H L T 4% 48 UG i 45
VB Ol 85T AR ) e — MR G eIk, 5
45 11 20 50 AU Fie /M T s (ERMD AR LG TR A 250
W EA Rz AR S FER A R &
ANBEAR B RS (R AT L VAR (1 A AR AR (£, 9), 78
TRA VNS B AR -

x=2x;+ (1-2)x; (11)
y=Ay+(1-2)y, (12)

o, 2 [0.1], MR Beta 534 5 (x,.3,) A (x,.,) 5 3
AHEHLEEA .
2.7 BEBEIIE

TR A K5 B )1 25 (Mixed Precision Training ) /& 7£ R T
REVR /K FE R I B0 T, R 21K B 77 2 8 (FP16)
P YINZE . K BE 2 2 FP16 488 FP32 314 3 i &
B[R] BE X IR, Micikevicius 28 AR TR A
RS, SCR 4 =R )7k AR B FP32 FIAR 45
K (Loss Scaling) Fl{R A 115 FP16 x FP16+ FP32.
FR A SCH 2 56 45 SR AT LUK BH, TR ARG BE AN 45 R
ABATHE BEHR

3 XRERSEHSN

3.1 RIINE
SCETITE Pytorch HEAE R AT , 52 B & #4145 (IDE)
bl Pycharm, SiFiE S N Python, CPU A e K R ES-

2620V4, GPU J TIAN XP. A% 3C 5250 Ay 44 i 1l i R
FHEALZ B AR A I 2t
3.2 IERFKRE

SR Z PP 2 I 4 11 2 5 s o) 3 R LG S Ay
FEPERE RIS, A SO TS 2 79 i (0 1 22 I 2 )11 R SR s
S 5YIGR . LA 7 I SR M A T 5 R A 2
Hb D 2 T 2 I 2 SR L A o A R R R R
SO AT S5 AT RE BN AU 2R
3.3 KR

h T WFSE IR R e 1 SR R 7 5 R 5P Y
A RCERGE M, TR R UE S I 45 A AT SEPE . AR SCR ]
UC Merced Land-Use Dataset'®’ . AID Dataset™*® F1 NW-
PU-RESISC45 Dataset " JE£7 9255, 53 H1 /S [ #f 28 190 4%
WIS W ) 5 43 3 08 SR R 3 5t o R MR R R 52
A 3 s

UC Merced i& 5215 B H USGS National Map Urban
Area Imagery Z2 41|, J2& + I ] RS @ R AR 4R , 275 21
AN B2 100 18 S, 23T 2100 i 8
G, 2 [ HER R 19 R(Z90. 3m) , BUE KN 256%
256 , IR NG S 0 JAT 55 vhi e 4

AID 2215 H Google Earth /N [R]7 #2 W15 14 & 4%
FE U AN R0 XS] AR SR A, A5 A 30211
Yy RS20 B 220~420 B§ EZ L 3511 10000 i 32
KNG, 23 18] 43 98 5% 8~0. Sm, % K /I A 600
600, 5 UC-Merced £ 4 45 51— I ) 2 2% P (4 5
AL, BA H m e 2.

NWPU-RESISC45 i# B SZ AR I Google Earth, £ 7
45 SR 5, A 2O 700 5K & 3Rt
31500 1 B 5, H2 ) 73 B 0 30~0. 2 m (& (18
25 1 2R AR 25 8] 7 B R B |, R R /N R 256%
256, 5 F RN 2R RS A PR R e, X
TR SRR 57 oy R AT s PR

DL b 3 A B 42 el 43 5 A SCRRES , 45~47 IR
R 2, BRAHLIERRFE A, Nk 1 K.
3.4 1EMIERR

S VEA 25 I 28311 5 SRS T 3 S AR RE Y S M), AR
SCRFH RS ZNE B TR VB HE B Kappa F2 £ F145 2]
O3 NG BEARE 22 E R PEAG 5 A X S e 48 R AT 40 #T
LA, Ay 3kt e CNN AL AU 2 55 L) 46 Ak Fn B30k
SERBEHLE , PRUESE 50 45 SRAR 8 | 2 5L 4 i B A R
FEFLFP T (Random Seed).

BARATJEKE E (Overall Accuracy ) %78 # 1E #7143 28
FOREARE G A3 8RR A BB L) . TR A

true

P
Py, = 13
on="p (13)

x 100%
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Ho, P R8BI 25 K BEAR KL, Py 70 REEAR
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(b) AID Hcdl 4

(c) NWPU-RESISC45 $ 4t
3 34w HEARSIE R R 5 A SR A v 1 PR R 4]

F1 BIEEINZFNK L F)
Dataset Train Test
UC Merced 80% 20%
AID 20%/50% 80%/50%
NWPU-RESISC45 10%/20% 90%/80%

1 :20%/50% . 10%/20% %5 F s AR ZREE LB, BN ZRREA b 4idis4E
SVREARER HL ], 4 ATD(209%) 37 ATD Bin 8 FR Il R4 Ll 20%.

SR

TR VA i % (Confusion Matrix ) 7EHL#% 2% > [A] @1

BUNEZ 43 4 R By P IRAL T, B AT AN 41 43531
RS AR LA A BUNAE , an & 2 firow . o,
TP TR x, RB 55 Ry S 20 S0 R 58 R g
N RIREAE 2R A B LL A5

Kappa B FIRVE AT, R — SR
HUFE bR Gl [0, 1], 5 T 4 ROR .

p(]_pe (14)
l_pe
il
NY* x - N* (a.-b,
Kappa= Z':lx” Z':l(a’ ’) (15)

N - Zil(a,.-b,.)

Horpr, NACERREAS BB, KARRFEAZEHIRL x, S IR IR HE
IATTCR B, b R IR

PEXIFAICER | a, J& IR 1A AR

Mot i B To R B

3.5 EENEER

/D S R TR ) M 29 CNN I ZRE TE], 4%

F2 REEME
E, 2501 X1z Xy
E, X1
: : g
Actual :
E Xl Xn
E, E, E
Predicted

T RBHLG L 4RI R ATRIF1 73 B Actual " B2k
BIPREE , “Predicted N IHNISHIRE b E, ~ E, WIGHIIRE x| ~x,,
FoRTHERPOLER.

TS 3 24 9 T TmageNet il I 258 . CNN I 2k B B 35
WEVN R WA R B R .
(1) i AESCHE 1 F BEMLR A , MG A5 4 32-Float.
(2) FE A= G AR e AN i A7 5 448 5 A BE (e IR

e PR AT
(3) 703 11950 91 5 4 224024, 47 L H b 1
W

(4)H—fL RGBIEIE , ¥I{E M [0.5,0.5,0. 5], 75 %%
#[0.5,0.5,0.5].

(5) FEAE YNGR ¥ T 1 1 58 S 458 2% R % (Crros-
sEntropy Loss ) FIBEHLES FE T (SGD) , % > R B2y 1% &
9 327 2] A8 (StepLR ).

(6) YN LRt U A FR I U EOFNA Ei S ol 55 2 B0
BUNE IR,
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PR ) S 56, R FEAH [R) 85040 42 , X W Y Baseline Y1l 272 7
BRI E MR PR, BRSO BENR 4R IRIE Merced (80%) \AID(20%) il NWPU-RESISC45(10%) I
JEREINE 4 7R, Kappa RELUNER 5 i~ . T4 5 FR 1Y Baseline Y ZiFe P IR VB FE M, AN 4 s

®3 WIS RFSHEE

L IE S H R R T GoogleNet . ResNet-50 A AE UC

ELSI0 ZH BRATE SHn

epochs 100 Weight decay 0. 0001
batch size 128 LR step size 30
learning rate 0. 001 seed 8388

R4 BaselineI&EF BESEKBE/%

R . UC Merced AID NWPU-RESISC45
T Al
80% 20% 50% 10% 20%
AlexNet 92. 86+0. 09 82.65+0. 12 88.96+0. 08 74.56+0. 09 80.91+0. 07
VGG-16 95. 00+0. 08 84. 69+0. 12 90. 50+0. 08 76.01+0. 13 84. 08+0. 09
ResNet-50 99. 52+0. 01 91. 89+0. 09 94. 90+0. 06 87.75+0. 08 90. 858+0. 07
GoogleNet 96. 43+0. 04 87.95+0. 12 92. 84+0. 08 81.44+0. 1 87.22+0. 08
E:10%.20% .50% 80% PRI ZREEREA B 42 AR AREAY LU0, + M 45 3 SR HE Ao 2% .
%5 Baseline Y% 2 F Kappa BE/%
o UC Merced AID NWPU-RESISC45
T ARl
80% 20% 50% 10% 20%
AlexNet 0.925 0. 820 0. 886 0. 744 0. 809
VGG-16 0. 948 0. 841 0.902 0.755 0. 837
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Y25 3K i 7 AlexNet, VGG-16 . ResNet-50 , GoogLeNet |-
B SE G R B AN R 6~9 7R , X AN [R] A TR i 2 > A 34
% R 1) 1 5508 2 R AT I 2 A, B0 46 v it )1 25
AR B4 B3 1 EA TR 43 . 3R 10 7 YRRl B 7Y
) 5 s 22 o S 56 [R) B R PR 0 1) 504k 4 14 71 2k
IR, R PR eI 1 AR . 3. 6. 2913, 6. 3 1Y
S 5 3.6, 1 T —2.
3.6.1 ETEEHSEBENEETMH

(1) FE T IH AT I ) S0 25 5 . BET AlexNet Y|
SRAEARY 7 R 28 I 45 U 2RO s FE B AR Y B R A2
KRN 6 o . R AR R S 8615 L 43 B4 VGG-16
ResNet-50 1 GoogLeNet YE17JH Al S5, 2 7~9 73 51| 3w

VGG-16 ., ResNet-50 I GoogLeNet {1 B A& 73205 BE . %}
b3 6~9 SR EE S AP HT U T .

DTEFET AlexNet (5L 56 | IR 4311 25 5K 1 X T
SR HREEERTE T 0. 26%~2. 04% , 4> 5B 25 5 s Xof
UC Merced(80%) AID(50% ) Bi4E A R AT 1 i .

QTEHT VCG-16 S H v, KR4I RS s Xof
SR RE B TE T 0. 08%~3. 01% , 4= BB I 25 5 W Xof
AID(50% ) BHi4E 7y FACR B A 4 s

@FEHE T ResNet-50 Fl GoogleNet RO S 56 H, R
Sy IR AT A B A 4 FE R AR TR B i

@ 2555 W85 52 T AlexNet F1 VGG-16 FE I 43 K4
FEAE 0 i 2 T, X4 3T ResNet-50 Fll GoogLeNet 15 7
SR AR T AN

O %t AlexNet Fil UC Merced A3 T4
BE e AR T T 291, 24%.

(2)FETBIMELIMGE . LRI s T

G
TINSEB: , S0 X R ANAR S 1 B 15 1 Rl S e PR — B 52
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F6 ET7MIILEREE AlexNet B 2K KB E/%

K9 HT 7ML RBELE GoogleNet Il ZER B BE 2 K FEE/%

ucC NWPU-RE- ucC NWPU-RE-
MIIE S Merced AD SISC45 MIES S Merced AD SISC45

80% | 20% | 50% | 10% | 20% 80% | 20% | 50% | 10% 20%
Baseline 92.86 | 82.65 | 88.96 | 74.56 | 80.91 Baseline 96.43 [87.95 |92.84|81.44 |87.22
Warmup training 95.00 |83.09|90.10|75.75 | 81. 68 Warmup training 95.71 [86.40 |92.14]79.52 |86.12
No bias decay 94.52 | 82.95|89.44|75.56 | 81.39 No bias decay 96.43 [87.76 |92.70|81.16 |87.08
Linear scaling learning rate | 93.33 | 81. 08 | 88.98 | 73. 80 | 80. 42 Linear scaling learning rate | 95.95 [87.56 [92.94|81.48 |87.12
Low-precision training 93.33 | 81.95|89.24|75.01 | 81. 04 Low-precision training 96.67 |87.78 [92.76|81.12 |87.10
Cosine Learning Rate Decay | 94.05 | 84.13 | 90.50 | 76. 65 | 82. 14 Cosine Learning Rate Decay| 96.43 [88.78 |93.44|83.03 |87.80
Label Smoothing 93.10 | 81.28|89.12 | 73.56|79.87 Label Smoothing 96. 19 |87.088(92.5 |80.462 |86. 603
Mixup training 94.76 | 82.45|89.76 | 75.26 | 80. 88 Mixup training 95.48 |85.73 192.36|79.50 |86.72

V1 10% .20% 509 .80% X ¢ VI HEHE A< 1 R 6 6 AHCRO 0.
WG 7 R SR T T
R7 BETFTMIIZREEVCC-16 RS KBEE/%

1 :10% .20% .50% 80% FRFVNZRIEREA H Bdla 4 SRR AK LA
T SC 7 26 7R MR 205 A 0
£10 NERBBMLE BB EBE/%

ue NWPU-RE- UC Merced AID NWPU-RESISC45
AID UEFH S
Il s Merced SISC45 80% 20% | 50% 10% | 20%
80% | 20% | 50% | 10% | 20% AlexNet 95.95 | 82.76 | 90.44 | 76.28 | 82.04

Baseline 95.00 | 84.69 | 90.50 | 76.01 | 84.08 VGG-16 96.67 | 86.1 | 93.56 | 79.86 | 87.48
Warmup training 95.48 | 84.75|91.48 | 78.26 | 85.21 ResNet-S0 | 99.65 | 92.59 | 95.44 | 89.49 | 92.04
No bias decay 95.24 | 83.70(91.00 | 76.81 | 84. 15 GoogleNet | 98.57 | 91.09 | 94.56 | 86.52 | 90.03
Linear scaling learning rate | 95.24 | 84. 18| 90. 62 | 76. 00 | 83. 57 T 10% .20% .50% 80% f{F YN AEREAS |5 B4 S RE AR 1 He 151 .
Low-precision training 95.24 | 84.49(90.90 | 76.75 | 84. 06 IS F R B 2 A i

Cosine Learning Rate Decay | 95.00 |85.24 | 91.32 | 78.31 | 85.04

Label Smoothing 95.00 | 84.43 | 90.82 | 75.76 | 83. 86 QBN ST SRS T IR e
Mixup training 97.86 | 85.85|92.04 | 77.29 | 85.03 @B NNELHH , GoogLeNet NWPU-RESISC45(10%)

1 :10% .20% .50% . 80% X RN LR HEREA 7 £hdli 45 BREAE L) e .
T SC 727 AR 2 2 B s
£R8 HETFT 77l Z KM ResNet—50 B SR F 45 /%

uc DD NWPU-RE-
PlER S Merced SISC45

80% | 20% | 50% | 10% | 20%
Baseline 99.52 | 91.89 | 94.90 | 87.75 | 90. 85
Warmup training 99.52 | 91.48 | 94.72 | 87.34|90.73
No bias decay 99.52 | 91.84 | 94.86 | 87.69 | 90. 85
Linear scaling learning rate | 98.57 | 91.35 | 95. 02 | 87. 08 | 90. 60
Low-precision training 99.52 | 91.83|94.90 | 87.68 | 90. 78
Cosine Learning Rate Decay | 99.52 [92.01 | 94.98 | 88.05 | 91. 04
Label Smoothing 98.81 |91.51 | 94.46 | 87.40 | 90. 38
Mixup training 98.81 |91.41|95.06 | 87.63 | 91. 03

TE:10%.20% . 50% 80% AN ZRAREA L Hcdfat S SRR A KL o]
TR S FR AR RS AT it i
B 25 AR 10 iR, T HE 4 4 1) Baseline Yl 2578 )7 S A
TIPNERE LA RN

(D 0 S 98 75 45 S 90 v A9 23 SRS B 38 i v, (HL
J& fE AlexNet. AID (20%) FlI ResNet-50. UC Merced
(80%) N BUER A

I RSB TS T 206, 2% , 2 T A
3.6.2 ETREBEEENEEITM

P T A W T B, 1E S H B R & Il 2k 5k s LT
GoogleNet . ResNet-50 L AE UC Merced (80%) . AID
(20%) Fl NWPU-RESISC45(10%) I (ARG HIFE, nfEl 5
Ji7s . R SR S A A AR R R R T B R N AT
PR b B T S BRI , R TRV R I, 43 ek hE
AT Horh A N I R R SR A R H R AU N T
0. 01 FFRAr A s . X FLIRVEHE R , SEBa 45 SR an T .

(DR —2WET , R THBEMMEIERE:
AlexNet>VGG-16>GoogleNet>ResNet-50.

(2) [ — LR, & B R 1R VA 2 2 : NWPU-RE-
SISC45 (10% ) >NWPU-RESISC45 (20%) > AID (20%) >
AID(50%)>UC Merced(80% ).

() HREH RS I A5  AEHE T AlexNet FI VG G- 1615
RIRG S5 KR I 2R R mE X BRI B R A 2, L%
A i E LT ResNet-50 Fll GoogLeNet £ 1 1) SZG
NIRRT ATV A R B A 2, HARBRIA

(4) MR B S B 45 5 - o FE T AN [ B AR B i 46
B SEB0 H, A AR SR M TR AR VE R B A 8%, B3R
A
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3.6.3 ET Kappa ZHMEEITME

FEF AlexNet.VGG-16. Googl.eNet F1 ResNet-50 #5
#AE UC Merced . ATD Fil NWPU-RESISC45 (# 4 I,
168 FH VI 25 5 W K B T 5 Kappa RN 11 iR, Xt
Lt 2 5 1Y Baseline Il 25 2 J¥ 1) Kappa 3 %0, 55 55 45
wmr.

(D 7£ UC Merced . AID 1 NWPU-RESISC45 %5 5 4
T, Kappa REUIE KR LB A $E 55 .

Q3T AlexNet \VGG-16 .GoogleNet I ResNet-50 1
AU Kappa RE A HEE .

QR —BIEET, Kappa 22 8K /N K : ResNet-50 >
GoogleNet> VGG-16> AlexNet.

@ H T [/ — AR | Kappa 2 ZUK /NN - UC Merced
(80%) > AID (50%) > AID (20%) >NWPU-RESISC45
(20%)> NWPU-RESISC45(10%)

(OFE UC Merced £ 4 4 I, 3£ AlexNet %) Kappa
FESRE T3, 6%, HARTH W]

11 ETFEmMIILREEH Kappa RE/%

. " UC Merced AID NWPU-RESISC45
pulIEs e
80% 20% 50% 10% 20%
AlexNet 0. 958 0. 815 0. 901 0. 757 0. 816
VGG-16 0. 965 0. 856 0.933 0. 794 0. 872
GoogLeNet 0. 985 0. 908 0. 944 0. 862 0. 898
ResNet-50 0. 990 0.923 0.953 0. 893 0.919

11 10% .20% .50% .80% 1CF N ZRIEREAS 7 it 42 SRR AR e a1
AR S 536 7% Kappa ZRACH 425 .

3.7 EERHERSW
3.7.1 E&8H9W

Wk 6~9 7, AW 5T 38 o K i, BT
AlexNet, VGG-16 ., GoogLeNet fll ResNet-50 # %l | 7£ UC
Merced \AID .NWPU-RESISC45 B4 T , K15 1 7 Fhfih
28 28I SRR S SR JORG FE I TR A SR g 4 2R . 455
F A0 11, 4T 1 3. ST HEAEVI e P 45 2%, v] LA 3
PATF 458 .

ZEG BMR D SKE B TR R R  Kappa RECEA VI
i e NIET R R R A& T S PR S S U
AlexNet,VGG-16 57 [ 45 250k /b 250 7y 5, 32 11 25
RS T A SRy A S . AR o AN [R) B 2 B I 5 0 FEE
P AL AR Th SE 0, SE I 25 AR I - B 4 &2 2 FE Il 2k
S ) S I A S R A 55 . L AR TR S R AR Ry TR B
Y AlexNet, VGG-16 5 B (1) 5256 vp | 23 28 M B S5 (IR A
UC Merced 173 2 X B £z K B NWPU-RESISC45, I 25
R AR 2 B HH A A5 R S ) 5 T 7 R TR ASH 4
ANFENR BT, YN 255 s ER 2 B A SO AR )
f1 $& . AID (20%) . AID (50%) F1 NWPU-RESISC45
(10%) .NWPU-RESISC45(20%).

B — 11 2 R W X AR AR O K B R A TR
Wi 55 1) 2455 2 58 Tl R ASE 7R 438 g 42 A, B — )11 5 5 s %o
P 2 5 0 RO AR, 7 R I 2 SR X AlexNeet 5 751
A AR R e A Ok B R, VGG-16 IR 2, R
GooglLeNet 1 ResNet-50 A5 5 (1% 532 1 A~ BH 5 5 B 1A 5 in
PRI SR s Xt 3 2R 88 1 A A0 3 i 58 A B B, L4
T4 43 2 BE 118 25 AR AN BIR 1] - I 45 235 40 RV RS 4 1 52 2%
JEE XA ] X 46 A5 114 3 PR P
3.7.2 ZREHW

{68 FHAH ] Y11 225 5 s FRH [R) AU () 1 0, 4% 93 2
X5 2 B R e A AN TR] 35 B 4 rh 45 28 501 - b
FIH 5 0 SRR IEAFTE B DI BR & . DR , AR 58 DA
VIR S B K, S5 A 2 I R s e [R] 2
SRR B I S 56 R B, AT I R SR g AR [l 3 2%
ST BRI . AIFSE T4 M 3T ResNet-50 15
YR VR B IR AR (o0 R R MG 3 5 o 25
155 Hp N FAR S5 1o, o0 SRR 0 5 B 0 43 2
FI 25w 5 5% K (19 NWPU-RESISC45 (10% ) , TR V& 4 [
mE 4 (c2) JE 5(c2) B, Bl ot f e 5 3R 45 2859
Oy 2 TE WY HOA , X £ 28 DL AN R B 2o R & 28 0 R R
TRV I EL B . K i TR V8 A o S 6 245 SRR A7 407, 4548
mr.

(1) AR R 4(c2) ResNet-50 %f F 25 di , a7y
b XA B Tl X AR Kl RN R S
JE I 43 SRS BE (43 2R B <0. 8) AR T LA 73 F ks
JE . Rk SR O RN A S 2 A SRS B (0. 8
<R EE<O. 87)MSAIR T AR 2NE

(2) K4 IK 4(c2) ResNet-50 X i £k ASMNECHE IR 1S
FER AL SR X B S EE X kG 5k
AR LA S 52 2 1) IR B e >0 1), XL
N AL AL I S S5, FRAE X 40 ANBH i, T R
SR IRVE L] . AR A SR OB S
Hi | 05 5 0] A S 2RI AR B e A TR (0. 05<IRYE
FE B <0. 1), 3% 28 3 50 AR B b 50 R AE HLA — 5 B9 A 01
P, [RIRE AT RE 2 S BORYE A e 9 B A

(3) AR 61 5 (e2) v 1 2 35 508 , 28 Il 25 5 g ]
DI TR v A B e v 1 J L2 3 e (B S Ik X e 5
X K0 SRR AF ) TR VE e IR 0. 02~0. 03.
IR, o] DURERE T A S5 86 O 5 iR 555
T3 A5 b e A TRV L FRAIR 0. 01~0. 02. 3 S i
YRR ML AL CNN I ZRad B, 45 U A AR BRURR
FRIE , TR T3 JERG 2

4 #ig

ASHITFERE B 22 o 25 2SR 5 1A 85 3 3 i S T
B35 0y JEM BT i, R BUAT o 28 00 45 11 R SR s B A



% 8 1 RIS 350 o 22 P 2 ) 25 SR ok £ 23 P B R PR 70 5t 0 SRR RE S WA ) DA 1611
LA SRR 3 M RO AR B (R UNZREE LU oy A I ZR i A T — b T R e AT 55 0 B i e 2, 2

5 40 ) Fl A4 Ff CNN LAY | DA B8 4387 1S 56 %6 L P A~
JZ THPRE I 25 5 W X 37 55 73 S 1 RE Y 52 Wi R A7 V1A, OF:
XA R AT I T AL L AR B LT 4508

(1) i3 2B 57 , 78 AlexNet,VGG-16 FHEI ) 1 ik
WA, Warmup training . No bias decay . Cosine Learning
Rate Decay 3 P Il 25 5 W 3¢ B f A0, At V1 25 55 s Ik
Z 3 TE GoogLeNet il ResNet-50 151 7 (1) 4 G R B, Co-
sine Learning Rate Decay 7 Bt [ 1, H:Ath 7 & 2 B0 A B
L PR B )11 2 SR XoF 0 4% SR R A R AT
1) AlexNet \ VGG-16 7 = A7 &4 B FRAR 52 0i , %F 1) 465 )22 4
B % | 45 #2242 B GoogLeNet ., ResNet-50 AY 52 i A~
Wik

(2) 8 3 S 56 07 18 , B — YN 2 SR W e A [R] 23 2 M 2
R 25 ME B2 (¥ £ 308 £ (UC Merced (80%) AID (20%)
AID (50%) .NWPU-RESISC45(10%) .NWPU-RESISC45
(20%) ) b1 S5 45 R A2 B RL M ALK, #5742 AlexNet Fl
VGG-16, | 1 fE % PLAL 4T 5 457 J2& GoogLeNet 1 ResNet-
50, W PERE R BRI . PRI, B — IR SR X 3 A ufe
JE A [) 0 B 40 R 52 e AN B S, o AN [ 1 e B2 1) B i

AN

(3) 38 3 B 2 5, 7 A Il 255 W 1) 2H 5 SR g X
AlexNet, VGG-16. GoogLeNet il ResNet-50 £ #I {1y 43 2%
PEREHR B AT B W] 2 R 52 T, TEAS [ 43 2R 0 32 A1 5 xfe
FEREELE b B A B R MR R L. Rt ZH A
SRR X 128 B RR  5e 03 R AT 55 BA R4 ad I

(4) 38 3 XPR W AR (4 23 BT, K SR SR 3 AR B
1) - M R TS B 25 by 77 HE B RUR VA, R 8 43 B 4 0 SR
PG 37 55 53 AT 55 (0 JE AR 43 oS FE S i oK, - i T
i 28 AR AL 1) 37 5 28 ) DAL b S R AR A AL B & AR
TRIE .

(5) 25 I 2 5 W Xof AR AT o TR ¥ 1 3 528 ) ) 114
TRVB L AT, W B AR 50 7 57 2 IR B R e
B IR X il 7 5 28 B AR B 10 37 5 28 ) B AT 85k B
BRI .

H I, JE T CNNBCHY 14 FR 3 2 7 iR P rE R B
S, ARG B SE E AT. AHEE TOLAR M Z8 A5A  E
PR SR BT R IE SR IO T VR S5 T B, 1 I 22 M 28311
GRS 2 5 53 FENE BE 1 7 v WEFE AR SEARR, 1y I3 Fl
ST R, TEAOR A T 8 SR MG 7 57 4 S AR GBI
Rl DL LA 28 ) 28 DI RS O v ik — 2R 3R THIE Y
Ti R SRR . 53— J7 T, A I ZRoems H 2
XF I i R LAk, X CNN AR ERAF $2 BURE 71 Fn 32
PERER S THA BIL . R 2 £ 2 > Fl A ORHIT R 28 51 A 2%
B RSl fER T — PR iz — &
2 >] (Deep Metric Learning ) /il i ML A%~ > B,

fiff pJ 32 R PG v 28 TR AR vy 28 PN 2 e M R ) A
58 5 15 5 A2 BT B0 P 4% (Generative Adversarial Net-
work , GAN) J& 7E Yl Zhisk B v, L5 ol 28 99 244 5 3o A
HAHZR M T AT 2R S, 0] DI 18 g s S iR 2R
SHEAT E AR T A R R 37 S SO TR VA R B R Y
[R] .

WAL, ABEGE F LA A TR il AT L pEoE
B RS R, G, B =N R B D (o %, X
M ST 5 v TG R 3 AR B 2 DS AR B AT 4y
Br. B K NDVINDWI A5 18 J 2t F1 22 1% B AR B
FHE] CNN BRI S > rht 2 T — 2090 i T AR A
Z—.

S% 30k
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