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Texture Descriptors with Adaptive Feature Compression
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(1. College of Electronic Information and Automation, Tianjin University of Science and Technology,
Tianjin 300457, China;
2. College of Mechanical Engineering, Tianjin University of Science and Technology, Tianjin 300457, China)

Abstract: With the advancement of computer vision technology, texture feature analysis has emerged as a research hotspot. Addressing

the challenge that most deep learning methods are not effective in compact representation of texture features, a descriptor for compact

texture feature representation is proposed. This descriptor employs pre-trained models (including GoogleNet, AlexNet, ResNet, and

InspectionResNet) to perform differentiated texture feature extraction. The features obtained from these convolutional neural networks

are concatenated and dynamically compressed using an adaptive feature compression method based on fuzzy logic, and a linear support

vector machine is utilized to classify the texture features. Experiments are conducted on multiple datasets, comparing this texture

descriptor with other methods based on metrics such as accuracy and precision. The results demonstrate that this descriptor is more

effective than other classification methods while achieving compact representation of texture features.

Key words: texture features; convolutional neural network; fuzzy logic; linear support vector machine
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Tab.1 Comparison results of texture descriptors across

three different datasets

BIGEES HERIZRI%  AERR/%  ARE%  FEY%
Kylberg 98.24 97.81 96.23 96.87
KTH-TIPS 9750 96.53 93.36 94.89
OUTEX 96.13 95.97 94.61 95.30
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Fig. 5 Training loss curves of the model on three datasets
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Tab.2 Comparison results of texture descriptors with other

models
A W% % ARE%
GoogleNet 85.72 86.81 83.75
AlexNet 88.28 87.36 87.30
ResNet 82.80 83.74 84.53
InspectionResNet  89.61 91.38 90.29
AL T5 98.27 97.84 96.21

N T ISP B T 4 R B2 & A Rk, 2R
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X 4 FhEIRLH A (FIFR GHA+R+DAIERE -, #rig
VGGNet. DenseNet. SENet. MobileNet iX 4 i
R & (AR V+D+S+M)BEAT XS LS, firf st
HT Kylberg #idladie, JFfRFr 5 AR A & — il
GBH, RN 3. NEIPTATUEH, MIHA
&, AR, FE. HAREM FE Y
H A3 405, 3% 42 i T8 204 H 1 VGGNet 1 DenseNet
(R 2 &5 7 BB ORAE SO AN $R IO T R A k%, H
R 25K 52 2% H. 5 52 M 75 S0 (A D05 SO I ¢ 1)
R F); MobileNet A2 FAL B TR AT 70 B4
) T BURFAE 4 B B2 PR, K s SR A Y
SENet FGHIE 3 5 O BEARFAEA B, AR SR A ) 5%
X1, 5 InspectionResNet FLL, XF&rH A B B
FESHIAA IR

F* 3 TEHEBUAESHIFTEEEER

Tab. 3 Comparison results of different model combinations

WA S W% ORSERE/% IR/ FoE%
G+A+R+I 98.24 97.81 96.23 96.87
V+D+S+M  96.50 95.83 94.34 94.67

BUG R F 5 ' HE 5 5 2 SIE R . FH 3 5% 52 I ¢
HRBIERE M O AR B . Hor, BN RS AR A
i SR T BUR R A M R, X HEEE T 80
T IR B AR (K M R 2 R AT G B &
OR)s T B B PR ) ek 0 R 11 o P AT 5 0 b
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SEEGH, SRR AT TR, ¥ BRI
112 18R <112 1 56 15 2566 1R Hi Rl R
FEYEIR SIS, B 2R R A R (R B )
N 0.5, 1.0 F1 1.5) A4 50%(35 %) 100%(1E %) Al
1500%(3#%)3 PG (B 6). AR 506
HRSR S T IR S50 45 43 i L3R 4 FHR 5.
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Fig6 Three types of light intensities for flaxseed sample
images
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Tab. 4 Comparison results of different input sizes

PN N W% KRS BEE%  FAb%
24 B F 24 8% 98.24 97.81 96.23 96.87
112 #1125 95.17 94.58 93.72 94.14
56 15.>66 1% % 90.32 89.65 88.41 89.02

*® 5 TEEERBEMXTEELER

Tab.5 Comparison results of different light intensities

JEHAGRIE  HERERI%  REERER% HEERc R E%
50% 95.48 94.73 93.96 94.24
100% 98.24 97.81 96.23 96.87
150% 95.83 95.10 94.32 94.32

K 4 mTAL BEEMAEIERST N 224 5%
224 B I/INE] 112 B <112 R FE A 56 15 5 >66
1%&, UERZR M 98.24% %) 7| F4 2 95.17%F1 90.32%
i N RSN 224 15 3024 15 F I REfE 78 R BE 4L
YN, AR CNN IR ZHFAE (A0 ResNet (7
B B R), SEBEMmERE. MHARS N 112 4
FOA12 QRN EK, #EFE T 3.07%,
B RFRE = ERE, UL & HER A — 8
WERPE. MR STA 56 15566 BRI, R
REBRKRSIOCRGE LR, MR TR 7.92%. 1X
J2 BT R 0 23 8] 43 25 5 3 EUE s ARSI A T %
%, HZE CNN MZE T RIE, WREREE N
D HRA L, SECBMSE S MG R LEE
WERAE . IRZEHEAL (N AlexNet)3E DL 3R 2 08 1 ) 5]
PEYHTHRFAE , T 1A AR (10 ResNet) tH R U AE 1)
B, SFEOLIR BB T RIE.

HHER 5 A%, JEHEGREE Y 50%F1 150%HT, HER
KAy 5109 95.48%F1 95.83%. TEJF IR AMET,
HEL TR S Tk AR 8 R 4 A AR B R IE M. ok
HRSRSE v 0%, I3 5t 5 B SH0) LE AR,
REAESEEOHE FERE N, HERRZE TR 2.76%. G HREEE
N 150%0, e s EIRZ B, SRR,
HERA R N FF 2.41%. 1% 2 TR AR T BB
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fER .
34 Xttearth

H P de I SO AR FF 5 Foh T LA 7 R R AT L
5, DMEXT SRR FF M REREAT VAL, X v
fI45: GLCM. ACPS. OMRF-PGAU. WMACapsNet.
ASCHE H SR IR T 51X 7, 1E Kylberg £dE
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Tab.6 Comparison results of texture descriptors with other

methods
VARl HERRI% KR AEE%  FE%
GLCM 85.70 83.82 85.29 83.74
ACPS 90.77 89.37 87.53 92.80
OMRF-PGAU 92.81 89.50 91.03 90.73
WMACapsNet 89.30 88.54 92.11 86.59
AT 98.24 97.81 96.23 96.87

AR S P e SCHF ) B ML X S R 1 S
SUHRFAEEAT 02K, O 1 U AR AT SO 907
TR, 45 T 1E Kylberg £ 86 {8 I 26 14 S #F
[ AL 55 42 17 2 pR B RF R L (RBF-SVM) L K-#%
AL AR 552 (KNIN) ATRE B AR AR (RF) S92 3 LA A [ AL
E ) I AR R, AE R WK 7. MR T ATLUE
AN SRR M EANESAT S P KT R, X
ot T H SRR DL AE 4 2 [ (R e Rk

xR 7 LHMIFEENSHES ERHITLLER
Tab.7 Comparison results of linear support vector

machines with other classifiers

eSS W% AEHRRY%  HAEE%  FAEY%
RF 96.36 96.47 95.92 95.47
KNN 98.13 97.20 95.79 94.19
RBF-SVM  97.24 96.91 95.40 95.91
LSVM 98.24 97.81 96.23 96.87

35 HELSLI

{5 FAS [F] CNIN A B $5 B SCERRRAIE B (19 0] Bl 25
D3R 8. HH3% 8 1] 1 24 [F]WT {8 H GoogleNet. AlexNet.
ResNet L % InspectionResNet 33E47 S FRAFAEHE LU,
B 525 6 R 4 M8 A3, 78 Kylberg 45
& FEUS AR ERE

#F 8 {EAT[E CNN REHE ISR FHER R XT L 45 R
Tab. 8 Comparison results of texture feature extraction

using different CNN models

L CHERE HEW /% FEHAI% BEE/ % F{EH%
G 85.63 86.82 8380 8851
A 89.16 88.27 8774  91.67
R 82.93 83.85 8597 87.36
I 90.13 91.74 9163 93.25
G+A+R+ 9824 9781  96.23 96.87

VE: GV AR 1 43i483R GoogleNet. AlexNet. ResNet. InspectionResNet.

£ Kylberg #di£E L, 1 FHAN R 46 2 ) % A5
THEATINR, SR NEK 9. WK I LA H, Mk
AR N VERE R IR G, X2 T A R 4
P REWo T B RFAE4E BE 5 H) 0 BE )0, IRIE A 2] B
IRIREE T 2 JRIRRHIE, (BTUR(E B xR )
A BE I FEATIFENE o v 48 0 o5 (AR AR 4 it
[EFEARMNTIHURAGNE R, SBOSEIERE T,

® 9 TEEHFARIFTELER

Tab. 9 Comparison results of different compression levels

JEAEZ S WEREY O RBFE% BEZEY% F1 {8/%
1% 97.82 97.35 95.71 96.52
L 98.24 97.81 96.23 96.87
=) 96.58 96.12 94.89 95.49
4 % B

ASCwerE T PSR T, IR TR 2 R
CNN 5 SR ) SCERFAE BEAT BT R 2 T4
HI1Z 1K) 1 T I AR AT T 445 5 2 50 2 3t ) B SRR AIE
JEAG o FESCBL T SORRHIE R SRR A,
PR S 1] B AL X #2545 31 1) SCBLRS A BEAT 20
Jo T IE AN A UAR 32 ST VEHEAT AR HE S8 IE
TAZHRRF A NE . RSB AR T 32 I SR B
SO BOR (i A B BOR B AIDE ISR A2 48), A
Bt 5B A LI LR 1 R BRSP4
SRIZ ST AR T ) SR
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