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ABSTRACT

Fine-grained object recognition is more challenging than
generic categorization due to the subtle difference between
subcategories under the large intra-class pose change and
appearance variations. The state-of-the-art fine-grained
recognition methods usually utilize part detection or pose
alignment to alleviate the pose variation, and then use
convolutional neural networks (CNNs) to extract local
discriminative features. Although the hierarchical structure of
deep CNNs enables rich and discriminative visual feature
extraction, the recognition methods so far mostly use the
features of only the last convolutional layer for classification.
In this paper, by exploiting the correlation of the
convolutional features of within-layer and between-layer, we
propose a method to integrate multi-layer convolutional
features based on coarse-to-fine mechanism for improving
the discrimination capability. Experiments on a number of
public datasets show that the proposed method, without part
annotation or pose alignment, yields superior or comparable
performance to the state-of-the-art methods.

Index Terms— Fine-grained Recognition,
Coarse-to-fine, Cross-correlation, Autocorrelation

CNNss,

1. INTRODUCTION

Fine-grained recognition aims to distinguish different
subcategory objects belonging to the same super-class, such
as different types of birds [1,2], cars [3], plants [4,5], aircrafts
[6], etc. These objects always have similar global shape or
structure, and fine-grained recognition relies on identifying
the subtle differences in appearance of certain local parts
across related categories. However, these subtle inter-class
differences are usually overwhelmed by large variations of
pose, viewpoint, articulation, and clutter background.

In the past few years, the deep convolutional neural
networks (CNNs) have shown outstanding performance in
fine-grained recognition [7,8,9]. In order to overcome the
large pose variation, most of these methods use pose
alignment [10,11] or part detection [12,13,14] techniques in
pre-processing, and then the last convolutional layer of CNNs

model is generally employed to extract features from a local
part or whole object [8,15]. As we know, though the last
convolutional layer is most discriminative, after multiple
convolution and pooling operations, the spatial resolution of
feature maps in convolutional layers becomes smaller layer
by layer. On the other hand, the receptive field of each unit in
feature maps becomes larger layer by layer. For example, the
VGGNet-E model [9] consists of 16 convolutional layers,
five pooling layers and three fully-connected layers, its last
convolutional layer just has a small spatial resolution of 7 X
7, and the receptive field of each unit of this layer is as large
as 268 x 268. Considering that the input image size of
VGGNet-E model is 224 X 224, the responses of the last
convolutional layer are very global. Only using the last
convolutional layer features cannot distinguish local details
between different subcategories sufficiently. Contrarily, the
responses of previous convolutional layers are more local and
include more details, but lack discrimination in object level
than last convolutional layer.

In this work, we investigate the complementarities
between hierarchical convolutional layers, and propose a
novel method that separately employ within-layer
autocorrelation and between-layer cross-correlation to
integrate multiple hierarchical convolutional layers via a
coarse-to-fine strategy. Our experimental results show that:
compared to classification with only last convolutional layer
features, the proposed method can extract more local
discriminative features and significantly improve fine-
grained recognition performance.

2. RELATED WORK

In recent years, many different methods have been proposed
to deal with a variety of fine-grained recognition tasks
[10,11,14]. For extracting the subtle and discriminative
features between subcategories, the state-of-the-art fine-
grained recognition system commonly follow the pipeline of
part detection or pose normalization, and discriminative
feature extraction by convolutional neural networks.

In fine-grained case, a large pose variation can cause
drastic changes of object appearance, compared to the slight
differences between subcategories. Therefore, many methods
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utilize pose alignment or part detection to overcome the pose
or viewpoint changes before extracting object features. For
example, Gavves et al. [11] propose to roughly align objects
based on fitting the object segmentation results as an ellipse,
the alignments are used to find corresponding parts between
different object images and transfer part annotation from
training images to test images. Recently, Zhang et al. [14]
employ the R-CNN framework [16], which is trained with
annotated object parts, to detect parts and the whole object,
for obtaining a pose-normalized object representation.
Bronson et al. [10] align the detected keypoints to the
corresponding keypoints of a prototype to realize pose
normalization, and then apply CNNs model to extract part
features. Goering et al. [17] search for training images that
have a similar shape to the current test image, and then
directly transfer the part annotations of training image to test
image. Krause et al. [18] define a graph model to find the
corresponding regions of different objects based on co-
segmentation results of all images without using part
annotation. In general, due to the limitation of training
samples in fine-grained recognition, various pose changes
and flexible transformations, the part detection or pose
normalization may not be accurate enough for determining
the locations of subtle differences between subcategories.

In the past few years, deep convolutional neural
networks have achieved great success in fine-grained
recognition [18,19], just like in many other computer vision
tasks [8,20]. Most of these methods in fine-grained domain
typically use the output of last convolutional layer as a feature
representation, which takes advantage of the powerful
capability of CNNs in extracting features from the pose
normalized images [11,21] or detected parts [14,22]. Lin et al.
[19] trained a bilinear CNNs model consisting of two
convolutional neural networks for fine-grained recognition
without using part annotations, and last convolutional layers
of these two CNNs models is used to extract object features.
Liu et al. [23] use the feature maps of succeeding
convolutional layer as indicator maps to pool the subarrays of
feature maps of previous convolutional layer as local features,
and then concatenate all the local features as final image
representation. Xiao et al. [24] propose to apply three types
of visual attention to fine-grained recognition, and the
attention is derived from the CNNs model trained with
classification task. Recently, Hariharan et al. [15] stack the
outputs of all units above a given location at all layers of
CNNs into one vector named hypercolumns, which
significantly improve the state-of-the-art results on three fine-
grained localization tasks, and demonstrates that previous
layers of CNNs are useful for more precise localization.

Compared with the above models, our method employs
only one convolutional neural networks and integrates the
different convolutional layers based on a coarse-to-fine
mechanism, to simultaneously extract global and local
discriminative features for fine-grained recognition. To the
best of our knowledge, this is the first work that employs a
coarse-to-fine mechanism to combine the complementarities
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between convolutional layers to improve fine-grained
recognition.

3. PROPOSED METHOD
3.1. Coarse-to-Fine Mechanism

Commonly, the last layer of a CNNs model includes more
discriminative semantic information and is more robust to
various disturbing factors such as pose, articulation,
illumination, location and so on. However, after a series of
convolution and pooling operations, the last convolutional
layer has low spatial resolution, and the receptive field of
each unit in last convolutional layer becomes very large. It
implies that the feature representation of last convolutional
layer is too global or coarse to capture the local detailed
differences between subcategories for fine-grained
recognition. In other words, the features of last convolutional
layer may be a good enough representation for generic object
classification but not for fine-grained recognition. It is well
known that the human vision system has a coarse-to-fine
mechanism during visual information processing [25], coarse
spatial responses convey global information about an image,
while fine spatial response carry more detailed information.
The coarse-to-fine scheme enables the use of coarse scale
information to disambiguate matching information in finer
scales. Obviously, for fine-grained recognition, not only the
global semantic information but also the local details are
required to achieve high accuracy.

Benefiting from the hierarchical structure and shared
weights, a deep convolution neural networks can extract rich
representations of object image with increasing level of
abstraction, from low-level image structure to high-level
semantic features. In this work, we aim to keep the semantic
discriminative power of last convolutional layer, and
meanwhile exploit previous convolution layers to extract
more detailed features. Specifically, considering the cross-
correlation of two vectors can calculate all combinations of
two components belonging to these two vectors separately,
we adopt the cross-correlation between the feature vectors of
last convolution layer (coarse layer) and previous ones (fine
layer), which have the same receptive field, to extract global
discrimination information and local details. That means if a
unit of the coarse layer has a strong response, in the cross-
correlation feature its corresponding local features of the fine
layer vector will be enhanced. The scheme of coarse-to-fine
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Figure 1. Coarse-to-fine combination of convolutional features.
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combination of multilayer convolutional features is shown in

Fig. 1, where "conv4 & conv5" means the cross-correlation
between the 4th and 5th convolutional layers.

3.2. Cross-correlation of Convolutional Layers

In CNNs model, each channel of a feature map can be deemed
as the response of a special part detector. Let u;; € R™
denotes the convolutional feature vector of the j-th unit in the
i-th convolution layer consisted of #n; channels. When the ¢-
th element value of u;; is large, it implies that the feature or
pattern detected by the g-th part detector of layer i is more
salient in the receptive field of unit j. If we want to
furthermore explore the finer details of the g-th pattern, the
responses of earlier convolutional layers corresponding to the
same receptive field of the unitj of layer i should be used. As
mentioned before, the cross-correlation is used to convey the
information from coarse scale to disambiguate matching
information on finer scales, which calculates by the outer
product between two different convolutional feature vectors

as follows,
m,
P
2 u; Quy,

i Jj=1

1
Fy=— (1)
m

where @ denotes outer product, F§ is cross-correlation
coefficient matrix between the convolutional layer i and £,
and m; is the number of units of the convolutional layer i. “Z y
is the convolutional feature vector corresponding to u;; in the
previous convolutional layer £. It is computed by sum pooling
over the local region 1 (j) in the convolutional layer &, which

has the same receptive field as u;;.

- Zukla

len ()

u,. =
A

where |73, (j)| denotes the number of units in this local region.

(@)

3.3. Autocorrelation of Convolutional Layer

In the same convolutional layer, the response values of a
channel describe how likely the object image possesses a
certain pattern in every unit, and how salient the pattern is.
Obviously, the statistics of co-occurrence of different patterns
in different channels will be helpful to distinguish the subtle
differences between subcategories. Therefore, in addition to
the cross-correlation features, we adopt autocorrelation
features within the same convolutional layer to further
improve the discriminability of convolutional feature. The
autocorrelation matrix F{* is calculated by

] &
F'=—>u,®u,.
i J=1
Because the autocorrelation matrix is symmetric, we use
the upper or lower triangular part of the matrix as
autocorrelation feature.

3)
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3.4. Combinations of Features

In this section, we validate the effectiveness of the proposed
cross-correlation and autocorrelation features, and identify
their best combination through experiments. In validation
experiments, we use the VGGNet-E model [9] pre-trained on
ImageNet [26] to extract convolutional features of object
image within a given bounding box, and perform /2
normalization over each feature map separately to alleviate
the impact of large difference of response magnitude between
different convolutional layers. Before calculating the outer
product, the dimensionality of convolutional feature of each
unit is reduced to 100 using the principal component analysis
(PCA) technique, and then the cross-correlation features and
autocorrelation features are power normalized [27] with
power coefficient of 0.5. After extracting object features, the
linear SVM [28] is used as final classifier.

Tab. 1 gives the results of a variety of autocorrelation
features, cross-correlation features and their combinations on
CUB-2011 data set [2]. “Cs_S” denotes the feature of the S5th
(last) convolutional layer with spatial pyramid matching
(SPM) kernel [29]. “Cs3+C4+Cs” is obtained by directly
concatenating the convolutional feature vectors of the 3th, 4th
and 5th layers after sum pooling separately, like used in [15].
The results show that the straight combination of different
convolutional layer features, like “Cs3+Cs+Cs”, cannot
improve the recognition performance. Compared with this,
the autocorrelation features is remarkably superior to
convolutional feature of the same convolutional layer, such
as F¢ and Cs_S, although the dimensionality of Cs_S is also
very high. The cross-correlation features benefiting from the
coarse-to-fine strategy is better than the autocorrelation
features, such as Fg, than F§+ F% , Fg3 + Fg, than
F§+F4+F%. In addition, it should be noted that there is strong
complementarity between the autocorrelation features and
the cross-correlation features. For example, the recognition
accuracy of using F§ + F¢ is significantly better than only
using F¢ , Fg3 + Fg, is also better than F¢, , and
F§{+Fg+Fg;+Fg, is obviously superior to Fg;+Fg, and
F§+F{+F2. The CL45 method [23] use the same 4th and 5th
convolutional layer features of pre-trained CNNs model on
ImageNet dataset as our Fg, feature, but the recognition
accuracy of using F¢, is obviously better that the CL45C
method, which demonstrates that our method using coarse-
to-fine mechanism is more effective. In all combinations, the
F§ + F§ + Fg5 + Fg, feature is used in the sequential
experiments, considering this combination has better
performance and modest dimensionality.

Tablel. Comparison of different combination features

Features | C5_S | C3+C,+Cs | CL45[23] F¢
mAP% | 719 | 715 73.5 74.2
a a c
FieRg | Fe, | FgeRgeRg | Ry, | F4TTsTET
54
779 | 782 | 784 79.5 80.3




4. EXPERIMENTS
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Figure 2. Examples for CUB-2011 dataset (left), cars-196 dataset
(center), aircraft-100 dataset (right).

We compare the performance of the proposed method with
state-of-the-art approaches on the CUB-2011 [2], cars-196 [3]
and aircrafts-100 [6] datasets. Fig. 2 shows some example
images from these datasets. We fine-tune the pre-trained
VGGNet-E model for each classification task. The training
data isnot augmented except for random flips. In these
experiments, the dimensionalities of convolutional layer
features of the 5th, 4th and 3th convolutional layers are
reduced by PCA to 400, 200 and 100, respectively. We use
mean average precision (mAP) as the accuracy measure of
classification, and at test time, all methods just use the test
images, without using their flipped copies [19], for a fair
comparison.

In Tab. 2, we compare our method to several state-of-
the-art methods on CUB-2011, listing the annotation each
method used and whether the pose normalization technique is
adopted. Our method achieves the best performance by a
large margin among the methods which use no part
annotation, and even outperforms some methods that use part
annotations, only is beaten by the variant of PN-DCN [10],
which uses not only part annotation but also complicated pose
alignment technique. It should be noted that PD+DCoP [18]
and B-CNN [19] employ the same CNNs architecture as ours,
and also use the bounding box annotations during training
and testing. B-CNN wuses two separate CNN models
(VGGNet-E and VGGNet-M) to model "where" the parts are
and "what" the parts look like, and requires the input image
size is double than that we used. Our method uses only one
CNNs model and doesn't utilize any pose alignment and part
detection approaches.

In Tab. 3 we compare the performance of the proposed
method with several related methods on cars-196 dataset.

Table 2. Comparison of methods on CUB-2011

Method Oracle | Oracle Pose mAP %
Parts BBox | Alignment
DPD+DeCAF [7] N N 65.0
POOF [12] N N 733
PB R-CNN [14] N N 82.0
PN-DCN [10] N N N 85.4
PD+DCoP [18] N N 82.8
B-CNN [19] N 81.9
Ours N 83.7
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Table 3. Comparison of methods on cars-196

Method Oracle Pose Part mAP
BBox | Alignment | Detection %
R-CNN [18] N N 88.4
Symbiotic [22] N 78.0
Adap_FV [30] N 82.7
B-CNN [19] 88.2
PD+DCoP[18] N N 92.8
Ours N 91.5

Because the cars-196 dataset has no part annotation, many
methods that require part annotations during training or
testing cannot be used on this dataset. The recognition
accuracy of our proposed method is close to PD+DCoP [18],
and significantly outperforms the other method. Among these
methods, R-CNN [18], B-CNN [19], and PD+DCoP all use
the fine-tuned VGGNet-E model like ours. The precision of
our method is slightly lower than PD+DCoP. One reason may
be that on all datasets we use the same parameters to fine-tune
the CNNs model, if with more careful fine-tuning our method
would have better results.

In Tab. 4, the classification results of our method against
the state-of-the-art classification algorithms are compared on
aircraft-100 dataset. ELLF-CNN [31] first uses the
segmented and aligned images to find important parts for
classification, and then employs a modified Krizhevsky's
CNNs model [32] to learn appearance descriptors. The
symbiotic method [22] trains a symbiotic part localization
and segmentation model for part-localization, and encodes
the foreground and the box of each part by color histogram
and fisher vector. Our method outperforms all the previous
methods by a large margin.

Table 4. Comparison of methods on aircraft-100

Method Oracle Pose Part mAP
BBox | Alignment | Detection %

ELLF-CNN [31] N N 73.9

Symbiotic [22] N N 72.5

Adap FV [30] N 80.7

B-CNN [19] 79.4

Ours N 87.6
5. CONCLUSION

In this work, we combine the hierarchical convolutional
layers of CNNs model based on a coarse-to-fine mechanism
to get integrated features with global discrimination and local
details. Our experiments show that this combination yields
superior or comparable results to the state-of-the-art methods
without using any part detection or pose normalization
techniques. In the future work, we will explore some training
strategies to strengthen the discrimination of intermediate
convolutional layers apart from last convolutional layer of
CNNs according to the cross-correlation features.
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