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Abstract: Aiming at the problems of poor robustness of rotation change, high feature dimension, and long retrieval
time of existing color image retrieval algorithms, this paper proposed an innovative image retrieval method by fusing
color features and improved directional gradient features. It proposed an improved directional gradient algorithm
based on the principal curvatures (P-FHOG) by combining the geometric curvature information of the image surface

WisHHA: 2021-09-24; WEMsisHEER: 2021-11-05

BEWH: EE AR IS REIH (51774281)

EE® Y 1L2(1996-), Z, Wi, EEMNFEGAIE SR mFsE . E-mail: jiangman@cumt.edu.cn

BEEE: FERA979-), 5, WL, i, WA, EEAFIEIESEEGRG] . EERA IS . RS el S
15 BAL BT HIATFE . E-mail: cdqeumt@126.com

R ©2021 i Rk Bt LA AR TS i

2103101



JtE T#2, 2021, 48(11): 210310

https://doi.org/10.12086/0ee.2021.210310

into the FHOG descriptor from multiple scales. At the same time, the color information of the image was further fused

to obtain the multi-scale image retrieval method based on the color features and the improved directional gradient

features (CP-FHOG). The experiment was compared with the advanced image retrieval methods on the Corel-1000

and Coil-100 data sets, and the average accuracy rates of 85.89% and 93.38% were achieved, respectively. The

results show that the proposed algorithm is more accurate and robust (in rotation change) than other algorithms.

Keywords: image retrieval; color information; directional gradient; multiple scales; features fusion
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Fig. 2 The Hessian matrix at some point in the image
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Fig. 3 Flow chart of the FHOG descriptor extraction feature
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Flower 95.8 57.0 93.0 88.6 93.0 87.5 89.3 95.8
Horse 98.8 75.0 89.0 93.8 82.0 97.6 81.7 98.7
Mountain 67.8 57.0 45.0 47.8 46.0 57.6 54.2 73.0
Food 77.3 56.0 70.0 49.2 58.0 79.3 65.1 86.5

%3 #3E%E Corel-1000 L&) &£ A% B & E/%
Table 3 Retrieval recall rate of each category on Corel-1000 dataset/%

Category Pavithra®®  Kundu®?  Dubey®  Sonug®'  Xiao®® HSV P-FHOGs  CP-FHOG
African 16.2 8.8 15.0 13.5 13.4 18.6 12.5 19.7
Sea 13.2 6.4 11.0 12.0 12.0 11.1 15.4 13.9
Architecture 15.8 10.4 13.4 11.6 11.2 1.7 12.9 13.3
Bus 19.3 124 19.0 18.8 19.2 18.3 19.0 19.9
Dinosaur 20.0 8.0 194 20.0 98.0 19.9 20.0 20.0
Elephant 14.2 16.0 12.6 11.6 10.6 10.9 11.6 14.1
Flower 19.2 11.4 18.6 17.7 18.6 17.5 17.8 19.2
Horse 19.8 15.0 17.8 18.8 16.4 19.5 16.3 19.7
Mountain 13.6 11.4 9.0 9.6 9.2 11.5 10.8 14.6
Food 15.5 11.2 14.0 9.8 11.6 15.8 13.0 17.3
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A 4  %3E4E Corel-1000 k8§ XA gixt bl

Table 4 Comparison of parameters on the Corel-1000 dataset

Algorithm mAP/% Recall/% SFET/s RT/s Dimension
Pavithra!® 83.26 16.65 0.671 1.108 768
Kundu?? 55.50 11.10 0.400 - 99
Suni? 83.50 16.70 9.150 1.027 900
Dubey®?! 74.90 14.98 102.400 16.490 1024
Sonug®! 71.66 14.33 4096
Xiao*® 70.10 14.02 63
HSV 77.54 14.18 0.020 0.023 72
P-FHOGs 75.22 14.02 0.053 0.021 270
CP-FHOG 85.89 17.18 0.067 0.048 342

%5 #IE4% Corel-1000 £ 5 E 5 3 Fikst b &L A& EH %

Table 5 Retrieval accuracy of each category compared with the deep learning algorithm on the Corel-1000 dataset/%

Category AlexNet?*! GoogleNet VGG-19 ResNet-50 CP-FHOG
African 33.0 65.0 68.0 78.0 98.6
Sea 22.0 75.0 79.0 77.0 69.7
Architecture 40.0 90.0 90.0 99.0 66.7
Bus 23.3 87.0 88.0 90.0 99.6
Dinosaur 71.0 88.0 90.0 88.0 100.0
Elephant 27.5 80.0 85.0 87.0 70.4
Flower 50.0 91.0 93.0 95.0 95.8
Horse 59.2 83.0 88.0 93.0 98.7
Mountain 26.7 80.0 90.0 98.0 73.0
Food 65.0 80.0 81.0 85.0 86.5

FYpc P AR BT, it A Bz s
RN AN B F 7 il BB BERAAE . B UL LA
Y B ERHE S RGBT A, B T
BRI R IERR, KB TR R B,

TR Corel-1000 b Xt 4546 2R B 1k (- K vE R
R FER | FABREEAER IR PRBKAG R | R
TEAERE AT HUER . AN3R 4 PR, CP-FHOG k1
HERPRIA R TR, AL HSV BiEA4FIES P-FHOGS
BRI T 8.35% ., 10.67%. ANfiJH] HSV i {23
[ (R AR $i s (] 5, AU ] P-FHOGs B ik 22 i
] fcj . Dubey SPVHEIETIA T I Rk ik filfi=X
1) 2238 JE A RS A S TSR R . SEUHELE
Bk, MERARRK., S%FEME, CP-FHOG
SRR 22 R e i I B K R TR, Ak
b, SRIBURE4ERE AR 2 342 4, AR a] B B0
MK, FHIERA SR CP-FHOG Sk AU 2K

FEWE, TEARRI ] | RRAELE R 5 TR A 3 st

mak 5 i, BmEEmNEES AlexNet,
GoogleNet, VGGNet, ResNet ixX 25 ML R i 2% > .
HEVEAT X SC R, CP-FHOG B kKR Wi T
AlexNet* 5 GoogleNet BRI IERf%, 5 VGG-19 M
ZEXF I, ASCRETE R Z BRI T 8 m M ER
%, 5j ResNet WZEAHXT b, AR SCRE 5 HAEA 25
BAK, HASAFAEs ke, 7T LUE A S
BT EUR KR A RE
3.3.2 ZRE FMRKIEE SN

WE 13 iR, BdE4E Coil-100 £ & AR TER: ffi
MR ER B o AL SRR b 12 R REIR, ¥
CP-FHOG H.i%15 FIiiHYK R EIL SIFT, SURF, LBP
AT

W% 6 Fin WA Coil-100 14528 BIRIKE R HE
TR S P EE A, 458K CP-FHOG HikfE K%
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A 11 Corel-1000 #4E £ 894k 4 K. (a) Africans; (b) Flowers
Fig. 11 The retrieval results of the Corel-1000 dataset. (a) Africans; (b) Flowers
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Fig. 12 Comparison of the ablation experiment results
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B 13 FREREEA AR B AR

Fig. 13 Retrieval targets with different rotation angles

%6 4B Coil-100 Ly &£ A& A EI%
Table 6 Retrieval accuracy of each category in the COIL-100 dataset/%

Category CP-FHOG HSV P-FHOGs Ahmed?” SIFT SURF MSER LBP RGBLBP
Tomato 98.7 93.5 89.3 93.0 15.0 75.0 15.0 35.0 20.0
Cat 100.0 100.0 86.3 90.0 32.0 45.0 55.0 40.0 25.0
Statue 100.0 100.0 63.2 100.0 35.0 30.0 45.0 25.0 55.0
Stick 60.9 52.8 25.8 93.0 30.0 35.0 90.0 50.0 10.0
Rolaids 100.0 100.0 95.3 65.0 20.0 60.0 40.0 65.0 85.0
Mud pot 100.0 100.0 99.8 100.0 20.0 45.0 90.0 70.0 50.0
Frog 99.0 91.2 60.8 95.0 20.0 65.0 45.0 55.0 45.0
Jug 98.8 98.2 57.3 100.0 20.0 45.0 70.0 65.0 60.0
Car 93.3 98.7 16.9 98.0 22.0 65.0 22.0 60.0 55.0
Pink cup 100.0 100.0 70.1 88.0 40.0 50.0 35.0 60.0 50.0
White cup 100.0 100.0 96.8 94.0 45.0 40.0 60.0 25.0 50.0
Truck 69.9 52.1 30.8 90.0 15.0 35.0 35.0 30.0 60.0

B b BA o R R KRS, JFHAE cat, statue,
rolaids, mud pot, pink cup, white cup ZE7I|FER%
iKF) 100%, XfH4 L) SIFT, SURF, MSER ZE[&1%
Ki&A D, CP-FHOG Hikdh& ElliZ, FRERHE
BT BEMSCMER, ASUIRPUE 2k, e
ARKBERTE, FAETERMOERE R, X
Ahmed %P, [FFELEG T BUE SRR
fiE, (HIEXT T8 i s hAE e 22 5%, CP-FHOG
SRR A E R SRR RHECR B T WSO E A,
A RIP TR, P TR RS R
%P HSV, P-FHOGs, CP-FHOG HEiERZ5 5%, HSV
7S (] 7E AR A L A RS UERf R R 90.5%,
A P-FHOGs J514%|/) CP-FHOG Bk UEH R A

93.4%, &It T 2.9%. AMERIN, HHLL T R4
TEFATRE 2 FHIERL A J5 PR R ARG B B 14Tt
PERE T INAS e , PRI T AR SO W e i
PELA ARG R AR

4 £ ®

Xt F IR G B AR A A AR S U R
FRIEZERE R, XA RO R RE A R SR R Vg
IR, AR SCER Y T — b Tkt Ty [ B S B
MR E 192 N B BA R T7 1%, i HSV B s [ 3R
WEGRBIEER, ARG BIRRE, 3]
S U — B ERAIE AT A6 1Y R AR B E R A IR
TEZA N =S 6] vhofls R 05 SR A FHOG ffiidfF
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Overview: With the rapid development of computer vision and digital media, image retrieval has been successfully
applied to search engines, digital libraries, medical image management, and other fields. For current color image re-
trieval, the extraction of a single image feature is often too limited, and it is difficult to achieve the purpose of efficient
and fast retrieval. Color feature and directional gradient feature are two important features of an image, which are
widely used in the field of image retrieval. Color information represents the overall features of the image, and the direc-
tional gradient feature represents the partial features information of the image by extracting the texture information of
the image. Aiming at the problems of poor rotation change robustness, high feature dimension, and long retrieval time
in current retrieval methods, a color image retrieval method that combines color feature with improved directional gra-
dient feature is proposed. First, the input color image is converted into a grayscale image through Gaussian space, and
the surface geometric curvature information and texture information of the grayscale image are extracted and integrated
into the FHOG descriptor, and the main curvature information is multi-sampled to construct a mixed sampling direc-
tion gradient feature (P-FHOGI1, P-FHOG2, P-FHOG3) based on the main curvature, and the improved directional
gradient feature (P-FHOGs) based on the main curvature is obtained by merging the features of three scales. At the
same time, the image is converted from RGB color space to HSV color space and the color information of the image is
extracted after quantization to construct the color feature histogram, and the color feature of the image is obtained. On
this basis, the two features are merged to obtain an image retrieval method based on color feature and improved direc-
tion gradient feature (CP-FHOG). The experiment was compared with the advanced image retrieval methods on the
Corel-1000 and Coil-100 data sets, and the average accuracy rates of 85.89% and 93.38% were achieved, respectively. On
the Corel-1000 data set, the features extraction time and retrieval time of the algorithm in this paper are 0.067 s and
0.048 s, respectively, which are improved by 0.075 s and 1.06 s, respectively, compared with the second-performing al-
gorithm. At the same time, ablation experiments were performed in the two data sets to verify the effectiveness of the
fusion algorithm. The experimental results show that, compared with HSV and P-FHOGs algorithms, CP-FHOG ex-
tracts richer detailed features, has stronger rotation robustness, and significantly improves retrieval accuracy in datasets
containing complex backgrounds and targets with different rotation angles. Besides, retrieval time and feature dimen-
sion have also been greatly improved. The color image retrieval method proposed in this paper introduces main curva-
ture information and color information based on FHOG descriptors, combines the advantages of color feature and di-
rectional gradient feature, and extracts rich overall and detailed features. The experimental result proves that the re-
trieval accuracy of the method in this paper is higher and the method has rotation robustness.

Jiang M, Zhang H X, Cheng D Q, et al. Multi-scale image retrieval based on HSV and directional gradient features[J].
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