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ABSTRACT

Dog face detection is an important object detection task, widely applied in many fields such as auto-
focus and image retrieval. In many applications, users only care about specific target species, which are
unknown to a detection system until the users register some relevant information like a limited number
of target samples. We call this scenario the detection of user-registered dog faces. Due to the great
variation between different dog species, no single model can describe all the species well. Meanwhile, it
is also impractical to learn individual models for every potential target species that the users may care
about, given the large number of dog species. Furthermore, the registered samples are usually too few to
train a robust detector directly. In this context, we propose a novel user-registered object detection
framework. This framework can generate an adaptive detector, from only a limited number of user-
registered target samples and a couple of off-line trained auxiliary models. In addition, we build an
annotated dog face dataset, which contains 10,712 images of 32 species. Experimental results on the
dataset demonstrate that the proposed framework can achieve superior detection performance to the
state-of-the-art approaches.

© 2014 Elsevier B.V. All rights reserved.

1. Introduction

Animal detection is a hot topic in the field of object detection.
It has been widely applied in auto-focus, image retrieval, multi-
media contents analysis, etc. [1-4]. In animal detection, dog face
detection is an interesting and especially challenging task.

One of the greatest challenges to dog face detection is that
there are so many dog species. The appearance of dog faces has
great diversity between different species, from long-nosed dogs to
short-nosed dogs, from shaggy dogs to smooth-haired dogs, etc.
Hence a single model will surely not be robust enough to the
variety of dog breed.

Meanwhile, it is impractical in many application scenarios to
train individual models for every dog species, given the large
number of species. There will also be huge costs for the sample
collection, model training and computational storage. Therefore,
a practically reasonable approach is to create and model a few
superordinate groups which represent groups of similar species,
and then offer the corresponding superordinate models to users.

On the other hand, in many application scenarios, a user only
wants to detect a specific dog species that they care about. For
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example, a user comes across some pictures of a specific species
and she wants to find from some large datasets more images that
contain the specific species. Sometimes the user even cannot tell
the species name and what she can provide to the system is only
to register a small number of samples of the target species. In this
case, unlike traditional object detection tasks, the main issue here
is that the target species are unknown to the system until the
users register a few target samples.

For these unknown species, the information extracted from the
registered samples is the most relevant, but the number of the
provided samples can be too limited and insufficient to directly
train a robust detector.

Therefore, we propose a new framework for the detection of
user-registered dog faces. The framework can generate an adaptive
detector from a limited number of user-registered target samples
and a couple of off-line trained auxiliary superordinate models.
The framework is illustrated in Fig. 1.

Our paper makes the following three main contributions.
(1) We propose an novel framework to detect user-registered
dog faces. The framework can generate a detector adaptive to
users' demand. (2) The framework can combine the knowledge
from both the off-line trained auxiliary models and the registered
samples of the target species for the detection. (3) We design a
strategy-selection algorithm to automatically determine when and
how to appropriately utilize the auxiliary models and the regis-
tered target samples.
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Fig. 1. User-registered detection. An adaptive detector is generated from the user-registered samples and the off-line trained auxiliary models.

In addition, we built an annotated dataset of near-frontal dog
faces, which contains 10,712 images of 32 species. The dog images
were collected from a web site where dog owners can upload the
species information and images of their dogs. Experimental results
on the dataset demonstrate that the proposed framework is
superior to the state-of-the-art methods. Although our research
focuses on the detection of user-registered dog faces, the proposed
framework can be extended readily to other tasks of animal
detection or more generic object detection.

2. Related work

In our proposed framework, we exploit both off-line trained
auxiliary models and user-registered samples to generate an
adaptive detector of dog faces. Hence, the works most relevant
to ours are the off-line training methods and the adaptive model
learning methods for object detection.

Most of the recent work on animal detection [1-4] focuses on
the off-line training. Kozakaya et al. [1] cascade a coarse model
trained with AdaBoost [5] and a fine model trained with a linear
SVM classifier. Zhang et al. [3] design a joint detection algorithm
with two global templates, one to describe the shape and the other
to describe the texture. Both of these approaches employ global
templates and are not robust enough for deformable objects.
Aytar and Zisserman [6] and Azizpour and Laptev [4] build their
algorithms on the deformable part model (DPM) [7] and get better
performance on highly deformable objects such as dog faces.

In the recent literature, to generate an adaptive model with
only a limited number of samples of the target object, mainly three
directions are explored. The first direction is to employ online
learning [8-10], which updates the model continuously as new
samples arrive. This approach can only adjust the off-line trained
model gradually and only be implemented on a single model. The
second direction is to perform sample selection and re-weighting
[11-13] for the off-line training. Samples similar to the registered
samples are selected from the dataset previously used by the off-
line training and are re-weighted, in order to help the training of a
new model for the target object. However, given the large number
of potential species that users may care about, it may happen that
few similar samples can be found for a reliable detection of certain
user-registered species. The third direction is to conduct model
sharing and transferring [6,14]. This approach leverages similar

templates from the auxiliary models as prior knowledge when
constructing a model for the target object. However, using the
model transferring only may hurt the performance of learning
when the auxiliary models are far away from reasonably repre-
senting the user-registered species.

In this context, we adopt DPM due to its excellent performance
to represent the deformable objects and the sharable knowledge.
Meanwhile, in order to generate a model adaptive to users'
demand, we consider how and when to utilize the knowledge
from both the auxiliary models and the user-registered samples.

3. Detection of user-registered dog faces

The flow diagram of the proposed framework is illustrated in
Fig. 2. The framework comprises three main modules: training,
registration and detection.

First, in the training stage, the pre-annotated images are used
to train several detectors for the superordinate species. The learnt
detectors make up a pool of auxiliary models. Then, in the regis-
tration stage, a new detector will be generated for the user-
registered samples, with the help of some auxiliary models. A
strategy-selection algorithm is designed to decide how and when
to utilize both the prior knowledge stored in the auxiliary model
pool and the knowledge newly extracted from the user-registered
samples. Finally, in the detection stage, the new detector will be
employed to detect the target objects in the test samples.

The detection stage follows the common slide-window detec-
tion approach and this paper will not go into much of its details.
We shall mainly present the training stage in Section 3.1 and the
registration stage in Section 3.2.

3.1. Training stage

In the training stage, the main task is to learn the auxiliary
models that can be utilized as the prior knowledge for the
registration stage. There are so many dog species that it will be a
heavy burden to train and store models for all the species. Hence
the training images are categorized into several superordinate
groups based on their appearance, and models are only trained for
these superordinate species as auxiliary models. Examples of six
superordinate groups are shown in Fig. 3.
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Fig. 2. Three main modules of the proposed framework.
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Fig. 3. Examples of six superordinate groups from the dog face dataset.

To model a superordinate species, we adopt DPM, one of the
most successful detection approaches on the PASCAL Visual Object
Class (VOC) challenge [15]. A DPM consists of one root filter and
several part filters. The root filter represents the global appearance
and the part filters capture the local features.

For a model with P part filters, each example x is given a score
by using the filter parameters @ and the feature vector y(H, z). The
score function is defined as
fo®) = max{e - w(H,2)}. 1)

Here w = (Fo, ...,Fp,dy, ...,dp,b) is a vector of filter parameters,
in which Fy is for the root filter, F; is for the ith part filter, d; is a
four-dimensional vector that specifies coefficients of a quadratic
function of penalty to moving the ith part far away from its
supposed location v;, and b is a bias term.

The function y(H,z) is defined as
W(H,2) = (¢o(H,20), ... po(H. 2p), — py(dz1), ... —py(dzp). 1). (2
It is a feature vector extracted from the feature pyramid H
with a specific latent spatial configuration z=(zg,z1,...,2p),
in which z; =(zy,2y,1;) specifies the location and scale level
of the ith part filter. The local appearance feature ¢,(H,z;)
describes the image area covered by the ith part; the deformation
feature is ¢,(dz;) =(dzxi,dzyi,dzfi,dz§i) with (dzy, dz) = (24, 2yi) —
(2(2x0, Zy0) +Vi).

Here for semantic consideration, three part filters are learnt:
two for eyes and one for nose. Examples are shown in Fig. 4.

3.2. Registration stage

In the registration stage, users only need to register a small
number of images of the dog species that they care about, and the
system will generate a suitable detector for the registered species.

The suitable detector has to cope well with three different situa-
tions regarding the relationship between the registered target samples
and the off-line learnt species. (1) If the registered species has
coincidentally been learnt already in the off-line training stage, picking
the best fit auxiliary model can already meet the user's demand. (2)
If the difference between the registered species and any of the
previously learnt species is too large, the auxiliary models are helpless
so only the registered samples should be used to learn the new
model. (3) If some species that are similar to the registered species
have been learnt, these auxiliary models can be utilized to generate a
suitable model adapting to the registered samples. Such a transfer
learnt model, with the help of these auxiliary models, can perform
better than the directly trained model, as the latter can only be trained
from a limited number of registered samples.

Therefore, we design a strategy-selection algorithm to cope with
the three cases above. Given the user-registered samples {x;,i=
1,...,n} and the auxiliary models {w;,i=1, ..., mg} with score func-
tion f,, () in (1), the task is to decide what kind of knowledge from
them is useful and how to use the knowledge. The key point to
accomplish the task is to measure each model's compatibility with the
target object, and here we employ the average confidence 5; =
(1/2m)F7_ 1 (fo,(x)+ 1) of each auxiliary model over all the registered
samples as the measure. The strategy-selection algorithm is illustrated
in Fig. 5 and Algorithm 1.
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Fig. 4. Example of a learnt DPM: (a) annotated training samples, in which each dog face is annotated with a tight bounding box around the face and three points, two for

eyes and one for nose; (b) the root filter; (c) three part filters.
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Fig. 5. The strategy-selection algorithm. Dog01's best auxiliary model has an average confidence above thd;, hence the algorithm directly picks this model. Dog02's
responses on all the auxiliary models are below thd,, hence the algorithm directly trains a new detector by using the registered samples only. Dog03 does not have a high
confident auxiliary model, but has two models with moderate confidences, hence the algorithm generates a new detector by transfer learning.

Algorithm 1. The strategy selection algorithm.

Input:
The auxiliary models Q2 = {w;,i=1,...,mgp}
The registered samples X = {x;,j=1, ...,n}
Output:
The target object model @
§<—21—nzjn: 1fwi(Xj), i=1,...,mg
if max;(s;) > thd; then
| —argmax;s;
W <—wj
else
if max;(s;) < thd, then
@ < DPMTrain(X)
else
o1 < {i,S; > max(4 - max;(5;), thd,)}
Qo) —{wj, 1€ I}
@ < DPMTransfer(X, £2,))
end if
end if

® Case 1 (Direct Picking): If one of the off-line trained auxiliary
models is already able to perform well on the registered
samples (i.e., the best auxiliary model has the average

confidence 5; above a threshold thd;), our framework will
directly pick it as the suitable detector.

® Case 2 (Direct Training): If no auxiliary model can provide
helpful prior knowledge (i.e., all the auxiliary models have
low average confidences {5;} below threshold thd,), our method
will directly train a new detector by using the registered
samples only.

® Case 3 (Transfer Learning): If the auxiliary models are not
suitable enough to be directly picked but some still share
certain similarities with the registered species (i.e., all the
models' average confidences {5;} are below threshold thd; but
some of them are above threshold thd, (thd, > thd,)), then a
transfer-learning algorithm will be applied to generate a new
detector.

For Case 3, any transfer-learning algorithm that leverages
similar auxiliary models for the construction of a new model can
be applied. Here we extend the transfer learning algorithm that we
proposed in [16] from utilizing the single best auxiliary model to
utilizing multiple auxiliary models.

Since the transfer-learning algorithm transfers prior knowledge
from auxiliary models, if we use only the auxiliary models of high
confidences, the auxiliary models that may hurt the performance
can be removed. In addition, often the more the auxiliary models
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of high confidences, the better the transfer learning. Therefore
here we enhance our transfer-learning algorithm of [ 16] by using a
model-selection algorithm. The latter chooses as many as auxiliary
models whose average confidences are close to that of the best
model (i.e., each model whose average confidence s; > max(4 -
max;(5;), thd,) is selected). The enhanced transfer-learning algo-
rithm is described briefly as follows.

Given labeled examples X = ((X1,¥1),...,(Xn,¥,)) Where y;e
{—1,1}, and given DPMs Q= {wj,i=1,...,mg} where the ith
model @i has P; parts, the task is to learn a new DPM w for the
target species.

First the model-selection algorithm selects a subset Qg =
{wj,iely} from the give auxiliary model pool €2, where
I = {i,5; > max(A - max;(s;), thd,)}. With these m selected auxili-
ary models, we try to assemble the root and part filters of them
and adapt the filters to the registered samples to generate a
new DPM.

If all the auxiliary part filters are considered as uncorrelated
filters, the number of the part filters that the target model w will
have is equal to P= Y ", P;. If the auxiliary part filters correspond
to P'(P < =Y " ,P;) parts which have same filter sizes and similar
locations and semantic meanings (e.g., two part filters for the
noses of two dog species correspond to the same part of w), the
target model w has P =P’ part filters.

Subsequently, the set of m selected DPMs Qg = {w;, i € I} can
be converted to a set of auxiliary filters {wj,i=1,...,m’} with
m =m+Y " |P; (i.e. m root filters and Y ,P; part filters). The @
is then learnt by optimizing a new objective function,

2

m m __o n
Lz (w, ) = ‘ ®— ‘El pioj)| +a ‘21 pi +C ‘Zl max(0, 1 —y;gw(Xi, i),
1= 1= 1=

n
=ll@|*+C ‘21 max(0, 1 —y,(@ - 7)),
1=

3)
where
Zp={z;,i=1,...,n|z; = argmax g,,(x;, 2)}, “4)
V4
Bi=pilall, (5)
@ ={Aw,Vap,,...Jaf ), Ao=w- ¥ fio), (6)
i=1
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- 1 1
V= {l//(Hj,Zj), \/a”w/l le : I/I(Hf»zi)a cees \/a”w/ me’ : W(Hi’zi)}'
m
(7)

In (3), the first term represents the distance between the learnt
model @ and the assembled filters; the second term indicates
the re-weighting of the auxiliary filters; the third term is the
standard hinge loss. The parameters @ and C control the relative
weights between the two regularization terms, and the set Z,
includes the highest latent values for the positive samples. It can

be optimized by using a two-step EM iterative procedure, as
detailed in [16].

4. Experimental results
4.1. Experimental settings

We evaluate the proposed user-registered detection framework
on a dataset of dog faces. The dataset contains 10,712 images of
near-frontal dog faces from 32 species. Each dog face is annotated
with a tight bounding box around the face and three points, two
for the eyes and one for the nose. The positive training samples of
dog faces are normalized so that the distance between the two
eyes is 48 pixels. The negative samples come from the dog-free
images in the PASCALVOC 2007 dataset [ 15]. For learning auxiliary
models, six superordinate groups, each of 3 similar dog species,
are generated based on the similarity in appearance (Fig. 3). Each
auxiliary model is obtained by training a DPM from more than 200
positive examples of a superordinate group.

For object description, features based on the histogram of
oriented gradient (HOG) descriptors [17] are employed, as with
[7]. In all experiments, we fix parameter C to 0.002 (the default
value of [7]) and set a simply to 1. For the strategy-selection
algorithm and the model-selection algorithm, we empirically fix
thd, to 0.94, thd, to 0.37 and A to 0.87.

We use the detection rate and the false positives per image
(FPPI) to evaluate the performance of detectors. A detection result
is regarded correct if the area of its intersection with the ground
truth covers more than 50% of their union.

Average detection rate when FPPI=0.01

ool Lo

r —=—"-Direct Training

— = = Direct Picking

The proposed method
— T

| [ N I ) S I O B e

D01 D02 DO3 D04 DO5 D06 DO7 DO8 DOS D10 D11 D12 D13 D14 D15 D16 D17 D18 D19 D20 D21 D22 D23 D24 D25 D26 D27 D28 D29 D30 D31 D32
Dog species

Fig. 6. Average detection rate (%) of different detector-generating methods on 32 dog species with 10 registered samples when FPPI=0.01.
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4.2. Overall performance of the proposed method

The dataset of each species is divided into a training set and a
test set. From the training set, only ten positive examples of a
species are randomly selected as the user-registered samples. On
the test set, the testing performs five trials and their detection
rates are averaged.

For overall performance evaluation, three detector-generating
methods are compared: (1) ‘Direct Training’ only explores knowl-
edge in the registered samples to train a new DPM as the detector;
(2) ‘Direct Picking’ only explores knowledge in the auxiliary
models and adopts the best scored auxiliary model to detect the
target object; (3) the proposed method utilizes both the registered
samples and the auxiliary models to generate a suitable detector.

The average detection rates of these three methods when
FPPI=0.01 are presented in Fig. 6. We can observe that, for all
32 species, the proposed method performs the best.

We believe such an excellent performance can be significantly
attributed to the strategy-selection algorithm in the proposed
framework. Remember in the registration stage we employ three
model-generating strategies, ‘Direct Picking’, ‘Direct Training’ and
‘Transfer Learning’, and the strategy-selection algorithm will
automatically choose a suitable strategy for the target object. As
illustrated in Fig. 7, the strategy-selection algorithm applies ‘Direct
Training’ to 5 species, ‘Direct Picking’ to 4 species and ‘Transfer
Learning’ to the rest 23 species.

To verify whether the strategy-selection algorithm selects the
right strategy, we choose three species, German shepherd, Pug and
Dalmatian, to which, respectively, the three strategies are auto-
matically selected. The performance of the three strategies on
these three species are shown in Fig. 8. We can observe that the
strategy-selection algorithm has selected the right strategy for
each species.

® For German shepherd, there is one auxiliary model whose
average confidence is above thd;, so the strategy-selection
method adopts ‘Direct Picking’ which directly picks the best
model. As shown in Fig. 8(a), indeed in this case ‘Direct Picking’
is the best strategy, while with only limited number of
registered samples ‘Direct Training’ performs the worst.

® For Pug, there are no auxiliary models having average con-
fidences above thd,. The strategy-selection method thus adopts
‘Direct Training’ for this species. As shown in Fig. 8(b), even the
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(53]
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DT DP TL T T2
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Fig. 7. Count of species selected by the strategy-selection algorithm vs. different
strategies.
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Fig. 8. Comparison of three strategies on 3 dog species. The strategy-selection
algorithm selects ‘Direct Picking’ for German shepherd, ‘Direct Training’ for Pug and
‘Transfer Learning’ for Dalmatian, according to the average confidences of the
registered samples on the auxiliary models. As illustrated for each species, the
strategy that the strategy-selection algorithm automatically selected is the optimal
one. (a) Results on German shepherd. (b) Results on Pug. (c) Results on Dalmatian.

best scored auxiliary model has poor performance (22% of the
detection rate when FPPI=0.01) for this species. Hence, the
prior knowledge in the auxiliary models is not much relevant,
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and ‘Direct Training’ is optimal, better than ‘Direct Picking’ and
‘Transfer Learning’.

® For Dalmatian, there are no auxiliary models having average
confidences above thd, but there are a couple of models having
average confidences above thd,. Hence, the strategy-selection
method selects ‘Transfer Learning’, to exploit the prior knowl-
edge from these auxiliary models of moderate confidences. As
shown in Fig. 8(c), in this case, the transfer-learning method
(85% of the detection rate when FPPI=0.01) outperforms both
the direct trained model (63% when FPPI=0.01) and the direct
picked model (65% when FPPI=0.01). Although for the target
object the selected auxiliary models are not strong since the
confidence < thd;, they still can help improving the perfor-
mance of the detector by transfer learning. Therefore, the
algorithm correctly selects ‘Transfer Learning’ as the best
strategy for this species.

For the strategy-selection algorithm, two thresholds thd; and
thd, are used to select appropriate strategies. To investigate their
impact, we vary their values (+ 0.05) around the values we set
empirically. As shown in Fig. 9, the average detection rate over all
the species has less than 2% of change. This indicates that the
framework is rather stable to the two thresholds.

In addition, we can observe that, among the 32 species, 23
species selected ‘Transfer Learning’. As illustrated in Fig. 7, among
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Fig. 9. Average detection rate over all the species versus thresholds thd; and thd,.

the 23 species that select transfer learning, 14 species employ one
best auxiliary model (‘TL1’) and 9 species employ two best
auxiliary models (‘TL2’) for transfer. This indicates the effect of
the proposed transfer-learning and model-selection algorithms.

To further investigate the benefits of using our proposed
transfer-learning and model-selection methods, respectively, we
carry out more experiments on Dalmatian, one of the 9 species
that employ two best auxiliary models for transferring.

4.2.1. Benefit from the proposed transfer-learning algorithm

To investigate the advantage of the proposed transfer-learning
method, we compare four transfer-learning methods on Dalmatian:
(1) ‘None-Trans’ directly learns a new DPM from the registered target
samples without transfer; (2) ‘Root-Trans’ transfers similar part-like
patches only from the root filters of auxiliary models to generate
a new rigid template [14]; (3) ‘ASB-Trans’ assembles a new DPM
by using the root and part filters of auxiliary models without
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Fig. 10. Comparison of different transfer-learning methods and different model-
selection methods on Dalmatian. As shown in 10(a), the proposed transfer-learning
algorithm (‘DPM-Trans’) performs best among the four transfer-learning algo-
rithms. As shown in 10(b), based on the proposed transfer-learning algorithm, the
proposed model-selection method (‘Select-Trans’) can further improve the perfor-
mance. (a) Comparison of transfer-learning methods. (b) Comparison of model-
selection methods.
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adaption [6]; (4) ‘DPM-Trans’ is our proposed method of transferring
and adapting all the filters of auxiliary models.

The evaluation results are presented in Fig. 10(a). We can
observe that the proposed transfer-learning method performs
the best. It demonstrates the importance of transferring and
adapting the part filters.

4.2.2. Benefit from the proposed model-selection algorithm

Based on the proposed transfer-learning method, we want to see
how the proposed model-selection method can further improve the
performance. Four model-selection methods are compared on Dal-
matian: (1) ‘None-Trans’ learns DPM from the registered target
samples without transfer; (2) ‘Single-Trans’ transfers only the single

éﬁ&" 4

Fig. 11. Detection results of various dog species.

best-scored auxiliary model; (3) ‘All-Trans’ transfers all the auxiliary
models in the pool; (4) ‘Select-Trans’ transfers the selected auxiliary
models by our proposed model-selection method.

As shown in Fig. 10(b), the models learnt from the auxiliary
models selected by the proposed model-selection method perform
the best. When there is more than one suitable auxiliary models,
the proposed model-selection method can choose the auxiliary
models that can really help and avoid the auxiliary models that
will hurt the performance. Therefore, it outperforms the transfer
results which use single best-scored model or use all the models.

In short, with the help of the proposed strategy-selection, model-
selection and transfer-learning algorithms, the user-registered detec-
tion framework can utilize the knowledge from both the registered
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Fig. 12. Average detection rate (%) of different detector-generating methods on 32 dog species with 5, 10 and 20 registered samples when FPPI=0.01. The proposed user-

registered detection framework remains the best with different numbers of registered samples. (a) With 5 registered samples. (b) With 10 registered samples. (c) With 20
registered samples.
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samples and the auxiliary models rationally, generating a detector fit
for the target object.

For illustrative purposes, more detection result are shown in
Fig. 11. As we can see, although the different dog species shown in
the images have great diversity in appearance, such as different
colors, lengths of hair, lengths of nose, shapes of ear, etc., the
proposed registered detection framework can generate suitable
detectors for the registered species. For instance, the dog faces
with different poses and expressions are all well detected, and the
eyes and noses are also well located.

4.3. Evaluation with different numbers of registered samples

In the following experiments, we investigate how the numbers
of registered samples affect the performance of our proposed
framework. Each experiment is repeated five times with 5, 10
and 20 randomly picked registered samples. For each of these
three cases, we compare the same three methods ‘Direct
Training’, ‘Direct Picking’ and our proposed user-registered detec-
tion framework.

As shown in Fig. 12, in all three cases, the proposed method
outperforms both ‘Direct Training’ and ‘Direct Picking’. Compared
with the results with 10 registered samples, the performance of
‘Direct Training’ drops significantly with 5 samples and improves
to certain extent with 20 samples. The performance of ‘Direct
Picking’ shows little change with different numbers of registered
samples. The performance of the proposed method improves
gradually as the number of samples grows and is much stable
than ‘Direct Training’.

To see how stable the proposed strategy-selection method is
when the number of registered samples varies, the three strategies
(‘Direct Picking’, ‘Direct Training’ and ‘Transfer Learning’) are
compared on the three species: German shepherd, Pug and
Dalmatian, as with Section 4.2. The results are shown in Fig. 13.

® For German shepherd, the strategy-selection algorithm always
choose ‘Direct Picking’. As shown in Fig. 13(a), although ‘Direct
Training’ and ‘Transfer Learning’ improve their performances as
the number of registered samples grows, they are always worse
than ‘Direct Picking’. That is, the strategy selection is stably
correct.

® For Pug, the strategy-selection algorithm always choose ‘Direct
Training’. As shown in Fig. 13(b), ‘Direct Training’ outperforms
both the best scored auxiliary model and the transfer learnt
models, even when there are only 5 registered samples. It not
only indicates that the strategy selection is stable and reliable,
but also demonstrates that the prior knowledge from irrelevant
auxiliary models can hurt the transferring performance greatly.

® For Dalmatian, the strategy-selection algorithm always choose
‘Transfer Learning’. We can see from Fig. 13(c) that ‘Transfer
Learning’ is indeed the best strategy for this species for
different numbers of registered samples, compared with ‘Direct
Training’ and ‘Direct Picking’.

In short, with different numbers of registered samples, the pro-
posed strategy-selection stably selects the optimal strategy and the
proposed user-registered detection framework remains the best.

5. Conclusion

In this paper, we have proposed a user-registered object
detection framework. The framework can offer users customizable
detectors after the users register a small number of samples
of the target object that they are interested in. The frame-
work can effectively leverage the off-line trained auxiliary models
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Fig. 13. Comparison of different detector-generating methods with 5, 10 and 20
registered samples on 3 dog species. The performance of ‘Direct Picking’ shows little
change with different numbers of registered samples, so we only plot a single curve
‘DirectPicking-5, 10, 20’ here. As shown in the results, the proposed strategy-selection
algorithm can select the optimal strategy with different numbers of registered samples.
(a) Results on German shepherd. (b) Results on Pug. (c) Results on Dalmatian.

and the user-registered samples, through using a strategy-selec-
tion algorithm. The experiments on the dataset of dog faces
demonstrated that this method can lead to a detector superior to
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the state-of-the-art methods. The proposed method can adapt to a
great deal of dog species, and can be easily extended to other
object categories, such as cat, bird and motor vehicle.
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