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Abstract

A large amount of data is indispensable for effective training of deep neural networks. Military
equipment data generally suffers from insufficient quantities, which fails to meet the training re-
quirements of deep neural networks and easily leads to over fitting. To address this issue, this
paper introduces transfer learning technology by constructing a multi-type sample training set
and fine-tuning pre-trained models, and an ensemble classifier for military equipment is built.
Experimental results have confirmed that transfer learning saves training time on small samples
tasks, resolves issues of model over fitting and strong dependence on data labels simultaneously,
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and can effectively improve the accuracy of small sample image classification of military equip-
ment based on deep learning.
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UTAERE, VRPE 2 ST HORAE & FMESS TS T B e R [1] [2], RIHSER IR ER R AIE 2T B T, ik
TR R R SR IOBT TR R3] [4]. ARFITRIR, TR ST R A 2k B AN R Ea 1R S8 - ER ZE ATk
IRF IR S T IRAF I R 2 R 2, W T RS D REA R RAE ST K22 ST, O AT
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AR SEAITIA[6] [7]. 70 S I 2L H B AR BHT R S5, A — 2875 DL S A BOAR QIR AR 22 X 45
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R o 2R NS AR DA BEAT MR B BB s ] o AR SR ) RERIIIREE . R S5 775
RERFFICHIEAR RIS, T 5 O T RIREA AT 70 SRERR A SR 55 o A DREAR S IR BB 02K
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FEEE b IRA, X ISR S 55 2 BOAGRAARA,  T0AREA 7 SRR R A S 2 ey ZOR IR B
Yy A it — IR A BRI S RSO ROk TIER 5 2 I E S HAR D REAR D RAE 55525
HRNA T IER A RSB IEE, HRTERIE AT I3 e 27 2 D FEAR SRR
TTE, IR T EHASR AN, RJag HARE R KR S Pk

2. IBEY
2.1 TBEIHMER

WHFERM], IR S BOR M Z N B AT R B 10304, B KR R SRR A S R TR 22 5
BARBER R B IEHR AT HH TSR AR BN, AT 55 BMRE IR 1 B2 X ot 7 R 1 Se i
PEERAER R, N LR SR DS R I IR, 019 F S & SR B SR U R ROR, R 58
AR A AR 2R R R N AR B T /N REAR RS 7 S I . H AT, R ORIZSR I R T ELRAR RE R AL
B 385 0 T VER D BAE A AT AL EL DAY AR AR, (7L IR U FEA SR Z ZAEE, 3 BN 2%
RAEAR[8]. B L [, A IR BT A 2 S BRGNS B AR/ A A . HET RS
7 2 BRSSO B EARANR], (HAE 3 BTSRRI R ER AL IO Bl kIR iz, M
B AR T LA R IR EE M 2 M 25 R B R IR R ELHESGT RS2 2, REM IS AE KU A T a4 -
WIZRAITR BEAR 22 0 25 73 FA T I S BT 2122 H AR 20 AR5 L, il v H PRIl IMFEAS I R AL DL 17 AL
B IER 2 RN RO — R ABEIREALSE . WNZRERARNEIR, TR SR M
IR R, B WA R E NN R AT IR Ak R5EEIZR > CNN IR
i B R IR FESORENS ], A FHIEAS 5 20 W] ASR Al B ZOR AR L .
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AR TR AL AN, PRBET R 5 2] o] DL ER A0 N2, B B TIN5 =) G e B
WZRHBI B 2 [9]. AL 2T A BTN RIRBT B %], P BREE S 2 8. —ZNHT
Zil1) ConvNet fEAAFESEILES . HTF 80002 2 NS AU AL 2 0 SO R AE SR USR5 0 o o Al 4
JER R Gy e 4E, B ARG RIS U, [ e M4 Z TR SR S8, IS B S T 2 RS
B CHI A, BRI AR 25 28 A B rT R A R TRA TR L ), s FRTE M 48 BRIk
T CBFERIT . MO TIIIZEE) ConvNet. TR (Fine-Tuning)idb 332 W48 2Rz, 8 H e G 2 B
BRI IR 28 J2 4 FLAR TR R, DRI 2 I 26608 5 S BB I — RRRAIE, i k. s, &M T 2 M T
5y TR J2 PR 8 AR AIE SR EDORT I 55 s P45 288 1) 50 8 o F B B AR AIE, S PR T USSR 2 25 I 5% £ i
SR P 5 Un i B 2 B B RRAE AR BERA 1T i SR RFAE[10]
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FEARBAR RN 7 AT, FEWCEA I EG IR, ZOR% FOINRE], RERE., HER&RH
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Figure 1. Flowchart of training and testing process
E 1 gt R R EE
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DL AlexNet #5751 54, @it i% & “Pretrained = True” [H 3%/ /] ImageNet 71|25 /) AlexNet 7 %,
HTEHEREIEEAR, DLATRATMEFIEIEE S ImageNet K EUBEEHRE (1) — EUEATG & F H, B
I ZRd R R A 7 ASE RIS EER GG, 51045 FH IR0 o A A A A e 58 7 il

1R, J7 % 1 AURE ResNet50 Fr R Ja — J2 % i #ile Jo o t 56 (1 1000 #4654 10 (num_classes
=10). BT E “if ‘fc’ not in name and ‘layer’ not in name: param. requires_grad = False” SZIN 5 — 2
FEHECEE —)Z layerd FIZEGHATHOA . 775 2 %% ResNets0 HikJa — 2 & oA EIEH)Z, W& IuiI
570932, JFLL 03 KRN EFE. TR 3 MEKRE —EB A=A 2EEE, AT HEN 16,
PL 0.5 MIMEZRBENL A B U IERE, DUSRIRANZ B A ko A . JIghd R & 3 %
A PR R B S A P, AT 0 BE AR TR AT A o DAt A s IR A 3 N BN R 1 B
PR P LAY, AR FH AR EEATL IS AN [FSE A 1 T 45 SR AT B, 459 BAT WA AR e 28 (0 TR0 A 25
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Table 1. Diagram of network model modification strategy

® 1 MEREERE RRA

HR1 HR2 TE3
self.res.fc = nn.Sequential self.res.fc = nn.Sequential
self.res.fc = nn.Sequential( nn.Dropout(0.3), nn.Dropout(0.5),
nn.Dropout(0.3), nn.Linear(num_features, 32), nn.Linear(num_features, 16),
nn.Linear(num_features, num_classes)) nn.ReLU(), nn.ReLU(),
for name in self. res.named_parameters(): nn.Dropout(0.3), nn.Dropout(0.5),
if ‘fc’ not in name and ‘layer4’ not in nn.Linear(32, num_classes)) nn.Linear(16, 16),
name: for name in self. res.named_parameters(): nn.ReLU(),
param.requires_grad = False if “fc’ not in name: nn.Dropout(0.5),
param.requires_grad = False nn.Linear(16, num_classes))

3.3. MEEITESY

TEARBE T, BATREIE T LM IZE7, 35 ResNet50. Alex. Vgg fl GoogLeNet, L& —
FREE AR, 2R R R 1 DA B DUMSEAY . SB 4y S 2 BORY LA 30 23 il (2 2 B R AR AR T il (32
3 FR). (ESEEEREd, AT HICT T Precision. Recall. F1 Score PEASfEHR, DUE XT3 F% 2 S R
PEREHEATUERAVPAL o 2540 %A V8 epoch = 300, ARFESZEG 45, FRATAI A/ LLURZEE: 1. %4k
ORISR ) Precision. Recall 1 F1 Score 7575 i 15 70 AR Y o 33X 3¢ WY A Al T DL B o b o
AR, JRiemt A vERE: 2. SR RIE BRI N R IE A, H Precision. Recall #1 F1 Score 154735
e T HAR SR — A . X AT AR RN AR R G A T 2P A AT, B B G b Al B S AR R ALE
3. ResNet 1 GooglLeNet 7E R AT T (R IAH 2 #20r, {H GoogLeNet B&AIX T ResNet. XA fig & EA A
ol AR B R I I
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Table 2. Partial fine-tuning evaluation metrics (%)
= 2. BB ARYITALTERR(%)

g Xit ResNet50 Alex Vggl16 GoogLeNet Ensemble
Precision 90.84 100.00 100.00 85.93
Ik Recall 91.05 100.00 100.00 86.17
F1 Score 91.00 100.00 100.00 86.11
Precision 72.00 70.38 76.95 64.93 76.95
bRz Recall 71.95 70.03 76.93 64.87 76.95
F1 Score 71.14 69.91 76.75 64.15 76.11
Table 3. Overall fine-tuning evaluation metrics (%)
= 3. BARARITAAERR(%)
kit ResNet50 Alex Vgg16 GoogLeNet Ensemble
Precision 100.00 100.00 100.00 100.00
VI3 Recall 100.00 100.00 100.00 100.00
F1 Score 100.00 100.00 100.00 100.00
Precision 81.54 72.12 77.94 79.06 81.78
i Recall 81.49 72.02 77.89 79.03 81.76
F1 Score 81.01 71.72 77.67 78.52 80.96
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DA BT, (EAE T BRI (1 SE PR 7 SRAE S5, R R R [ B AR T ik e % S T BE vy AR 2K
MR R R I E R R BT, ASSHEANE R RARN. FRERT,
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