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Abstract

Fine-grained recognition refers to a subordinate level of recognition, such as rec-
ognizing different species of animals and plants. It differs from recognition of
basic categories, such as humans, tables, and computers, in that there are global
similarities in shape and structure shared cross different categories, and the dif-
ferences are in the details of object parts. We suggest that the key to identifying
the fine-grained differences lies in finding the right alignment of image regions
that contain the same object parts. We propose a template model for the pur-
pose, which captures common shape patterns of object parts, as well as the co-
occurrence relation of the shape patterns. Once the image regions are aligned,
extracted features are used for classification. Learning of the template model is
efficient, and the recognition results we achieve significantly outperform the state-
of-the-art algorithms.

1 Introduction

Object recognition is a major focus of research in computer vision and machine learning. In the last
decade, most of the existing work has been focused on basic recognition tasks: distinguishing differ-
ent categories of objects, such as table, computer and human. Recently, there is an increasing trend
to work on subordinate-level or fine-grained recognition that categorizes similar objects, such as
different types of birds or dogs, into their subcategories. The subordinate-level recognition problem
differs from the basic-level tasks in that the object differences are more subtle. Fine-grained recog-
nition is generally more difficult than basic-level recognition for both humans and computers, but
it will be widely useful if successful in applications such as fisheries (fish recognition), agriculture
(farm animal recognition), health care (food recognition), and others.

Cognitive research study has suggested that basic-level recognition is based on comparing the shape
of the objects and their parts, whereas subordinate-level recognition is based on comparing appear-
ance details of certain object parts [[1]. This suggests that finding the right correspondence of object
parts is of great help in recognizing fine-grained differences. For basic-level recognition tasks, spa-
tial pyramid matching [2] is a popular choice that aligns object parts by partitioning the whole image
into multiple-level spatial cells. However, spatial pyramid matching may not be the best choice for
fine-grained object recognition, since falsely aligned object parts can lead to inaccurate comparisons,
as shown in Figure

This work is intended to alleviate the limitations of spatial pyramid matching. Our key observa-
tion is that in a fine-grained task, different object categories share commonality in their shape or
structure, and the alignment of object parts can be greatly improved by discovering such common



Figure 1: Region alignment by spatial pyramid matching and our approach. Spatial pyramid match-
ing partitions the whole image into regions, without considering visual appearance. A 4 X 4 partition
leads to misalignment of parts of the birds while a coarse partition (i.e. 2 X 2) includes irrelevant fea-
tures. Our approach aims to align the image regions containing the same object parts (red squares).

shape patterns. For example, bird images from different species may have similar shape patterns in
their beaks, tails, feet or bodies. The commonality usually is a part of the global shape, and can be
observed in bird images across different species and in different poses. This motivates us to decom-
pose a fine-grained object recognition problem into two sub-problems: 1) aligning image regions
that contain the same object part and 2) extracting image features within the aligned image regions.
To this end, we propose a template model to align object parts. In our model, a template represents
a shape pattern, and the relationship between two shape patterns is captured by the relationship be-
tween templates, which reflects the probability of their co-occurrence in the same image. This model
is learned using an alternative algorithm, which iterates between detecting aligned image regions,
and updating the template model. Kernel descriptor features [3] 4] are then extracted from image
regions aligned by the learned templates.

Our model is evaluated on two benchmark datasets: the Caltech-UCSD Bird200 and the Stanford
Dogs. Our experimental results suggest that the proposed template model is capable of detecting
image regions that correspond to meaningful object parts, and our template-based algorithm outper-
forms the state-of-the-art fine-grained object recognition algorithms in terms of accuracy.

2 Related Work

An increasing number of papers have focused on fine-grained object recognition in recent years
(3,16 [1, /7, [8L ©]. In [3], multiple kernel learning is used to combine different types of features
and serves as a baseline fine-grained recognition algorithm, and human help is used to discover
useful attributes. In [9], a random forest is proposed for fine-grained object recognition that uses
different depths of the tree to capture dense spatial information. In [6]], a multi-cue combination
is used to build discriminative compound words from primitive cues learned independently from
training images. In [10], bagging is used to select discriminative ones from the randomly generated
templates. In , image regions are considered as discriminative attributes and CRF is used to
learn the attributes on training set with human in the loop. Pose pooling [12] adapted Poselets
to fine-grained recognition problems and learned different poses from fully annotated data. Though
deformable parts model is powerful for object detection, it might be insufficient to capture the
flexibility and variability in fine-grained tasks considered here [15].

3 Unsupervised Learning of Template Model

This section provides an overview of our fine-grained object recognition approach. We discuss the
framework of our template based object recognition, describe our template model, and propose an
alternative algorithm for learning model parameters.

3.1 Template-Based Fine-Grained Object Recognition

Over the last decades, computer vision researchers have done a lot of work in designing effective
and efficient patch-level features for object recognition [16) [22]. SIFT is one
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Figure 2: The framework for fine-grained recognition: the recognition pipeline goes from left to
right. In the training stage, a template model is learned from training images using Algorithm [T}
In the recognition stage, the learned templates are applied to each test image, resulting in aligned
image regions. Then image-level feature vectors are extracted as the concatenation of features of all
aligned regions. Finally, a linear SVM is used for recognition.

of the most successful features, allowing an image or object to be represented as a bag of SIFT
features [16]. However, the ability of such methods is somewhat limited. Patch-level features are
descriptive only within spatial context constraints. For example, a cross shape can be a symbol
for the Red Cross, Christian religion, or Swiss Army products, depending on the larger spatial
context of where it is detected. It is hard to interpret the meaning of patch-level features without
considering such spatial contexts. This is even more important for a fine-grained recognition task
since common features can be shared by instances from both the same and different object classes.
Spatial pyramid models [2, 20, 23] align sub-images/parts that are spatially close by partitioning the
whole images into multi-level spatial cells. However the alignments produced by the spatial pyramid
are not necessarily correct, since no displacements are allowed in the model (Figure [I)).

Here, we use a template model to find correctly-aligned regions from different images, so that com-
parisons between them are more meaningful. A template represents one type of common shape
pattern of an object part, while an object part can be represented by several different templates.
Certain shape patterns of two object parts (for instance, a head facing the left and a tail pointing to
the right) can frequently be observed in the same image. Our template model is designed to capture
both properties of templates and their relationships among templates. Model parameters are learned
from a collection of unlabeled images in an unsupervised manner. See sections[3.2and [3.3|for more
details.

Once the templates and their relationship are learned, the fine-grained differences can be aligned
based on these quantities. The framework of our template based fine-grained object recognition is
illustrated in Figure 2} In the learning stage, AlgorithmI]is used to find the templates. In the recog-
nition stage (from left to right in Figure [2), aligned image regions are extracted from each image
using our template detection algorithm. Color-based, normalized color-based, gradient-based, and
LBP-based kernel descriptors followed by EMK [4]] are then applied to generate feature representa-
tions for each region. The image-level feature is the concatenation of feature representations of all
detected regions from the corresponding image. Finally, a linear SVM [24]] is used for recognition.

3.2 Template Model

We start by defining a template model that represents the common shape patterns of object parts
and their relationships. A template is an entity that contains features that will match image fea-
tures for region detection. Let M = {T, W} be a model that contains a group of templates
T = {T3,T5,...,Tk } and their co-occurrence relationships W = {w1; wis..., wx K }, Where K
is the number of templates, and w;; is between 0 and 1. When w;; = 0, the two templates 7T; and T}
have no co-occurrence relationship.

When a template model is matched to a given image, not all templates within the model are nec-
essarily used. This is because different templates can be associated with the same object part, but



one part only occurs at most once in an image. Our model captures this intuition by making the
templates inactive that do not match images very well. To model appearance properties of templates
and their relationships, the score function between templates and a given image I° should capture
three aspects: 1) fitness, which computes the similarity of the selected templates and image regions
that are most highly matched to them; 2) co-occurrence, which encourages selecting templates that
have a high chance of co-occurring in the same image; and 3) diversity, which gives preference to
having the selected templates match separated image regions.

Fitness: We define a matching score s/ (T}, z!) to measure the similarity between a template 7; and

an image region at location z! in image I
sH(T !y =1—||Ty — R(zD|> st |zl - <a (D

where R(z!) represents the features of the sub-image in I centered at the location x!; T is an initial

location assomated with the template T} and « is an upper bound of location variation. Both ! and
7! are measured by their relative location in image L. If |z! — Z!| > a, the location is too far from

the initial location, and the score is set to zero.

The features describing R(z!) should be able to capture common properties of object parts. Since
the same type of part from dlfferent objects usually share similar shapes, we introduce edge kernel
descriptors to capture this common statistic. We first run the Berkeley edge detector [25] to compute
the edge map of an image, and then treat it as a grayscale image and extract color kernel descrip-
tors [3] over it. Using these descriptors, we compute s/ (7}, z!); the higher its value, the better is
the match.

Summing up the matching score s/ (T}, x!) for all templates that are used for image I, we obtain a
fitness term

K
SIT, X1 V) = ol (T, 2]) )

where VI = {v], ..., vk} represents the selected template subset for image I, v} = 1 means that the
template 7T} is used for image I, and X1 = {z! ...,z } represents the locations of all templates on
image I. The more templates that are used, the higher the score is.

Co-occurrence: With the observation that certain shape patterns of two or more object parts coexist
frequently in the same image, it is desired that templates that have a high chance of co-occurring
are selected together. For a given image, the co-occurrence term is used to encourage selecting two
templates together, which have a large relation parameter w;;. Meanwhile, a L penalty term is used
to ensure sparsity of the template relation.

K K
S W, V! = ZZU wij—/\ZZ|’wij‘| st. 0<w; <1 (3)

i=1 j=1 i=1 j=1

Diversity: This term is used to enforce spatial relationship constraints on the locations of selected
templates. In particular, their locations should not be too close to each other, because we want the
learned templates to be diverse, so that they can cover a large range of image shape patterns. So this
term sums up a location penalty on the templates

sS4 vl = ZZ vjd(x],z}) )

1=1 j=1

where d(z!, 2! ) is the location penalty function. We have d(z jI) = oo if 2] — x§| < [ and
d(x!, x]) = 0, otherwise. § is a distance parameter.
Summing up all three terms defined above: fitness, co-occurrence and diversity terms for all images
in the image set D, we have the overall score function between templates and images

S(T,W, X, V,D) =Y (ST(T, X7, V1) + 55w, V1) + s4x! V) )

IeD

where V = {V!, V2 ... VIPI} are template indicators, X = {X'!, X2, ..., XIPI} are template loca-
tions, and | D is the number of images in the set D. The templates and their relations are learned by
maximizing the score function S(T, W, X', V, D) on an image collection D.



Algorithm 1 Template Model Learning

input Image set D, maximum iteration maxiter, threshold e
output Template model M = {T, W}.
Initialize {T%, T5, ..., Tx } with training data; initialize w;; = 0; iter = 0
for iter < maxiter do
update X7, V! for all I € D based on equation @)
update T by: T; = >, , v/ R(x!)/ > ;cp vl (asin )
update WV to optimize @]}
if >, |AT;| < e then
break
end if
iter < iter + 1
end for

3.3 Template Learning
We use an alternating algorithm to optimize (5). The proposed algorithm iterates among three steps:

e updating X', V (template detection),
e updating T (template feature learning), and

e updating WV (template relation learning).

Template detection: Given a template model {T, W}, the goal of template detection is to find the
template subset 1 and their locations X for all images to maximize equation (3)). The second term in
S¢ in equation (3) is a constant given ). So maximizing (3] is reduced to maximizing the following
term for each image I respectively:

K

K K
/\r}}%(z . 1v{5f(ﬂ,xg)+221v{v;(wij fd(xi[,z]l)) (6)
1= =1 7=

The above optimization problem is NP-hard, so a greedy approach is used: the algorithm starts
with an empty set, first calculates the scores for all templates, and then selects the template with
the largest score. Fixing the locations of all previously selected templates, the next template and its
location can be chosen in a similar manner. The procedure is repeated until the object function (6)
no longer increases.

Template feature learning: The goal of template feature learning is to optimize the templates T
given the relation parameters V and current template detection results V, X'. When maximizing (3)),
S and S¢ are all constants given V, X and W. The optimal template T} can be found by maximizing

I(1 17 Iy)2
mgxzvi (1= |T: = R(z;)II") Q)
IeD
which can be solved by the closed form equation
Ti=) viR(z)/ ) v (8)
IeD IeD

Eq (8) means that the template 7; is updated by the average of the features of all sub-images in D
that are detected by the i-th template.

Template relation learning: The goal here is to assign values to the relation parameters ¥V given
all other parameters (T, } and X)) for the purpose of maximizing equation (5). Since only W are
optimization parameters, S/ and S? are both constants. Optimizing (5) is simplified as maximizing

K K K K
max YD wig Y vjv] =AD" fwij] ©)

i=1 j=1 IeD i=1 j=1

A L regularization solver [26] is used for optimizing this formula.



Figure 3: Object parts (black squares) detected by learned templates. Each line shows the parts
found by one learned template. The sub-image within the black square has the highest matching
score for a given image. Meaningful parts are successfully detected such as heads, backs and tails.

The whole learning procedure is summarized in Algorithm [T} The algorithm starts by initiating
K templates with various sizes and initial locations that are are evenly spaced in an image. In each
iteration, template detection, template feature learning, and template relation learning are alternated.
The iteration continues until the total change of template {7} }£ | is smaller than a threshold e.

4 Experiments

We tested our model on two publicly available datasets: Caltech-UCSD Bird-200 and Stanford Dog.
These two datasets are the standard benchmarks to evaluate fine-grained object recognition algo-
rithms. Our experiments suggest that the proposed template model is able to detect the meaningful
parts and outperforms the previous work in terms of accuracy.

4.1 Features and Settings

We use kernel descriptors (KDES) to capture low-level image statistics: color, shape and texture [3]].
In particular, we use four types of kernel descriptors: color-based, normalized color-based, gradient-
based, and local-binary-pattern-based descriptorsﬂ Color and normalized color kernel descriptors
are extracted over RGB images, and gradient and shape kernel descriptors are extracted over gray
scale images transformed from the original RGB images. Following the standard parameter setting,
we compute kernel descriptors on 16 X 16 image patches over dense regular grids with spacing of
8 pixels. For template relation learning, we use a publicly available L; regularization solverEl All
images are resized to be no larger than 300 x 300 with the height/width ratio preserved.

To learn the template model, we use 34 templates with different sizes. The template size is measured
by its ratio to the original image size, such as 1/2 or 1/3. Our model has 9 templates with size 1/2
and 25 with size 1/3. The initial locations of templates with each template size are evenly spaced
grid points in an image. We observe that the learning algorithm converges very fast and usually
becomes stable around 15 ~ 20 iterations.The sparsity level parameter A is set to be 0.1. Other
model parameters are o = 24 and 3 = 32 pixels. These parameters are optimized by performing
cross validation on training set of the Bird dataset. The same parameter setting is then applied to the

"http://www.cs.washington.edu/ai/Mobile_Robotics/projects/kdes/
nttp://www.di.ens.fr/-mschmidt/Software/LlGeneral.html


http://www.cs.washington.edu/ai/Mobile_Robotics/projects/kdes/
http://www.di.ens.fr/~mschmidt/Software/L1General.html

Table 1: The table in the left show the classification accuracies (%) obtained by templates with
different sizes and numbers on a subset of a full dataset. The accuracy is improved with an increasing
template number at the beginning, and become saturated when enough templates are used. With the
best template number choices, the combination of templates with different sizes are tested. The table
in the right shows the accuracies (%) achieved by different combinations on the full dataset. The
combination of 9 templates with size 1/2 and 25 templates with size 1/3 performs best (selected
using the training set).

Acc 1 4 9 16 25 36 Combination Acc
TT | 46.1 | 46.1 | 46.1 | 46.1 | 46.1 | 46.1 9Tz 27.1
T3 | 39.6 | 468 | 50.7 | 50.7 | 48.9 | 475 T 4973 27.4
T3 | 332|429 | 41.8 | 439 | 44.3 | 443 9T'% + 25T'3 28.2
T% | 321|375 | 404 | 40 | 404 | 40 TV +9T3 + 2575 + 25T% | 282

Table 2: Effect of sparsity parameter A: that the best accuracy is achieved when A = 0.1.

A 0 0.001 | 0.005 | 0.01 | 0.05 | 0.1 | 0.5 1
Accur | 48.57 | 48.93 | 49.28 | 49.29 | 49.64 | 50.7 | 50 | 48.57

Dog dataset. On each region detected by templates, we compute template-level features using EMK
features [4]]. After obtaining these template-level features, we train a linear support vector machine
for fine-grained object recognition.

Notice that there is a slight difference between template detection in the learning phase and in the
recognition phase. In the learning phase, only a subset of templates are detected for each image.
This is because not all templates can be observed in all images, and each image usually contains
only a subset of all possible templates. But in the recognition phase, all templates are selected for
detection in order to avoid missing features.

4.2 Bird Recognition

Caltech-UCSD Bird-200 [8]] is a commonly used dataset for evaluating fine-grained object recogni-
tion algorithms. The dataset contains 6033 images from 200 bird species in North America. In each
image, the bounding box of a bird is given. Following the standard setting [S]], 15 images from each
species are used for training and the rest for testing.

Template learning: Figure [3| visualizes the rectangles/parts detected by the learned templates. The
feature in each template consists of a vector of real numbers. As can be seen, the learned templates
successfully find the meaningful parts of birds, though the appearances of these parts are very differ-
ent. For examples, the head parts detected by 7} have quite different colors and textures, suggesting
the robustness of the proposed template model.

Sparsity parameter \: We tested different values for the sparsity level parameter A on a subset
of 20 categories (from the training set) for efficiency. If A = 0, there is no penalty on the relation
parameters VWV, thus all weights w;; are set to 1 when the template model is learned. If A > 1, the
penalty on the relation parameters is large enough that all w;; are set to O after learning. In both these
cases, the template models are equivalent to a simplified model without the co-occurrence term in
(3). If A is a number between 0 and 1, test results in Table [2| show that the best accuracy is achieved
when A = 0.1.

Template size and number choices: We tested the effect of the number and size of the templates
on the recognition accuracy. All the results are obtained on a subset of 20 categories for efficiency.
When the template size is 1, the accuracy is the same with an arbitrary template number, because
template detection will return the same results. For templates whose size is smaller than 1, the results
obtained with different numbers of templates are shown in Table 1| left. Based on these results,
we selected a template number for each template size for further experiments: one template with
size 1, 9 templates with size 1/2, 25 templates with size 1/3, and 25 templates with size 1/4. The
results obtained by the combinations of templates with different sizes (each with its optimal template
number) on the full dataset are shown in Table |1| right. The highest accuracy is achieved by the



Table 3: Comparisons on Caltech-UCSD Bird-200. Our template model is compared to the recently
proposed fine-grained recognition algorithms. The performance is measured in terms of accuracy.

MKL [5] | LLC [9]] | Rand-forest [9] | Multi-cue [6] | KDES [3]] | This work
19.0 18.0 19.2 22.4 26.4 28.2

Table 4: Comparisons on Stanford Dog Dataset. Our approach is compared to a baseline algorithm
in [27] and KDES with spatial pyramid. We give the results of the proposed template model with
two types of templates: edge templates and texture templates.

Methods SIFT [27] | KDES [3]] | Edge templates | Texture templates
Accuracy(%) 22.0 36.0 38.0 36.9

combination of 9 templates with size 1/2 and 25 templates with size 1/3. Our further experiments
suggest that adding more templates only slightly improves the recognition accuracy.

Running time: Our algorithm is efficient. With a non-optimized version of the algorithm, in the
training stage, each iteration takes 2 ~ 3 minutes to update. In the test stage, it takes 3 ~ 5 seconds
to process each image, including template detection, feature extraction and classification. This is
fast enough for an on-line recognition task.

Comparisons with the state-of-the-art algorithms: We compared our model with four recently
published algorithms for fine-grained object recognition: multiple kernel learning [3], random for-
est [9]], LLC [9]], and multi-cue [6] in Table We also compared our model to KDES [3] with spatial
pyramid, a strong baseline in terms of accuracy.

We observe that KDES with spatial pyramid works well on this dataset, and the proposed template
model works even better. The template model achieves 28.2% accuracy, about 6 percents higher than
the best results reported in the previous work and about 2 percents higher than KDES with spatial
pyramid. This accuracy is comparable with the recently proposed pose pooling approach [[12]] where
labeled parts are used to train and test models; this is not required for our template model.

4.3 Dog Recognition

The Stanford Dogs dataset is another benchmark dataset for fine-grained image categorization re-
cently introduced in [27]. The dataset contains 20, 580 images of 120 breeds of dogs from around
the world. Bounding boxes of dogs are provided for all images in the dataset. This dataset is a
good complement to the Caltech-UCSD Bird200 due to more images in each category: around 200
images per class versus 30 images per class in Bird200. Following the standard setting [27]], 100
images from each category are used for training and the rest for testing.

Comparisons with the state-of-art algorithms: We compared our model with a baseline algo-
rithm [27] and KDES with spatial pyramid on this dataset. For the dog datasets, we also tried using
the local binary pattern KDES to learn templates instead of the edge KDES due to the relative con-
sistent textures in dog images. Our experiments show that the template learning with the edge KDES
works better than that with the local binary pattern KDES, suggesting that the edge information is a
stable cue to learn templates. Notice that the accuracy achieved by our template model is 16 percent
higher than the best published results so far.

5 Conclusion

We have proposed a template model for fine-grained object recognition. The template model learns a
group of templates by jointly considering fitness, co-occurrence and diversity between the templates
and images, and the learned templates are used to align image regions that contain the same object
parts. Our experiments show that the proposed template model has achieved higher accuracy than the
state-of-the-art fine-grained object recognition algorithms on the two standard benchmarks: Caltech-
UCSD Bird-200 and Standford Dogs. In the future, we plan to learn the features that are suitable for
detecting object parts and incorporate the geometric information into the template relationships.
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