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Fine-grained image categorization with segmentation

based on top-down attention map

Feng Yushan, Wang Zilei
Department of Automation , University of Science and Technology of China, Hefei 230027, China

Abstract: Objective This paper addresses the problem of fine-grained visual categorization requiring domain-specific and
expert knowledge. This task is challenging because of all the objects in a database belonging to the same basic level catego-
ry, with very fine differences between classes. These subtle differences are easily overcome by image background informa-
tion that is seldom discriminative and often serves as a distractor, which reduces recognition performance in fine-grained im-
age categorization. Therefore, segmenting the background regions and localizing discriminative image parts are important
precursors to fine-grained image categorization. To this end, a new segmentation algorithm based on top-down attention
maps is proposed to detect discriminative objects and discount the influence of background. Once the objects are localized
they are described by convolutional neural network (CNN) features to predict the corresponding class. Method The pro-

posed method first recognizes a dataset through the CNN model to obtain a ConvNet basis with GoogleNet structure. The
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ConvNet basis is visualized to build reliable intuitions of the visual information contained in the trained CNN representa-
tions, and the visualization result shows that the saliency parts in the images correspond to the object regions while the acti-
vations of background regions are very small. Then, according to the learned ConvNet, we predict the top-1 class label of a
given image and determine the spatial support of the predicted class among the image pixels. Spatial support is rearranged to
produce a top-down attention map, which can effectively locate the informative image object regions. Next, given an image
and its corresponding image-specific class attention map, we compute the object segmentation mask with the GraphCut seg-
mentation algorithm. The high-quality foreground segmentations are then used to encode the image appearance into a highly
discriminative visual representation by finetuning the ConvNet basis to learn a new segmentation ConvNet. Finally, the Con-
vNet basis and segmentation ConvNet are combined to conduct fine-grained image recognition. We also use the original ima-
ges to finetune the segmentation ConvNet for improved accuracy. Result The proposed model was tested on two new bench-
mark datasets available for fine-grained image categorization. The two databases were Cars196 and Aircrafts100, which were
designed for fine-grained image recognition with public annotations, including class labels, object bounding boxes, and part
locations. Only the class label annotation was used in-our evaluation, and the final average accuracy rates of Cars196 and
Aircrafts100 databases were 86. 74% and 84.70% , respectively. These results show that adding visual attention informa-
tion is more accurate than the Googl.eNet model alone. Conclusion A semantic segmentation strategy based on top-down at-
tention map was proposed to improve the accuracy of fine-grained image categorization. Our method did not need any boun-
ding box or part annotations, making it very robust and applicable to a variety of datasets. The experimental results show
that the attention information was very useful for fine-grained image recognition. The proposed novel model proved capable
of application to salient object detection, foreground segmentation, and fine-grained image categorization.

Key words: fine-grained visual categorization; convolutional neural network (CNN) ; top-down attention map; GraphCut;
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FV-SIFT ™! 59.2 61.0
SIFT ensemble 82.7 80.7
symbiotic segmentation(BBox) 78.0 72.5
VGG 79.8 74.1
FV-CNN[! 85.7 80. 1
B-CNN'™ 83.9 84. 1
BaseNet 85.50 83.01
BaseNet + SegNet 86.74 83.43
Ay EIN A7 86.70 84.70

1) A4 30 (R B0 BaseNet 7651 44 01 2
SegNet , F1Z5 4y BaseNet fl SegNet 15 3] 2 455 7l 2
TE SegNet 1,196 V5 LM 3 4R 1 - 24 73 28 IE A 5
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AL FV Yafit s 0 e 538 H AN SR, BT DA
JriEXS A B R AR e, 1 HL 23 28 IE # R A &
BCNN ) 452 70 75 B i I 2 ) PRSI R 4%, 501
By K Wi, Frhill Zhid #9212 , BOCNN 45t [ 45
IR UG RN RH A BRI F- 3 25 5, (45 D0 3 e [
IifE . Symbiotic Segmentationm] TR AE B AR
AR TEAEARTE (S B, FF HL2r I A %6 AR SCRE ARG
8 ANLAEE 4 e AT LA B, AR SO R A A
AIZE HIRRAS , A3 JEPERE LA T A A 75 A 805
4.2.2 WA A ST

WA SO S 1L G AR HAbSE T CNN 1y
BRALIEF IS (1) 2 2% BE (1% A iz 17 i i) B 4t
RIA ST ILBEAR T B R 2 2% B

BGREAE L PE SVM 432648 | 4K15 B 1T 194y
HepERE BB Lk SVM Y I 3t i R & 2 B
O(dn) ,d FFAELERL 0 Ry S HE ) B AL IR
JEZFFEN D 4EFV Gt sp iR A WA A & K, A
AT S R & FIE A P AT X, H R E
FbRUEZBE B, )5 FV RRIE AL 2K, DP 4, %

© ¥ K G B AR T A



F21%5 /55908 /2016 9 B

BEW, EFE / BEMTEEESERMLERGDE

BIRJZRHIEJy 128 4ERY SIFT, AR 2 3CHR[ 13,25 ]
IR ER I R ZE 503 7 2l 65 536 il 1 048 576
4 , symbiotic segmentation[m R ERE A 40 992 4k
SCHRL26 1 ] PCA X SIFT B4, B o5 K 4 i R %
7N 256 000 HEf [l dat o i AN SO i 435K &
ARFIERCBE SN 1 024 4, i AR 1% GEAFAE O 4E 5
T CNN By53 il th , VGG M 4841 7 138 M 2
£, BCNN A4 5 P A I 28 54, 1B 4% VGG 45t
B 276 M S8, % £ GoogleNet NIt 10 M £
B, A SO AL 5 M S5, e /b T HAl
., 7E Tesla K40 GPU HpXof |84 A 7 AR AE 42 HU (8]
M, 15 B Z5 R a3 2 s, v] LR B, A SO A Y
izt A b
F2 FHERERATE LR

Table 2 Feature extraction speeds

ik i)/ (/s )
FV-SIFT " 10
FV-VGG!! 8
FV-M-Net! 23
VGG 43
BCNN! 10
RCNN'’ 1/47
AL 59
5 & it

R 73 I AL s AL 0 I8 1) — T A AT 55, B
Xof Az B 53 28 R S T AL IR, B2 Y — b Bk
T A BRI o SRR, R B B e 2
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