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Abstract
Instance retrieval is a fundamental problem in the multimedia field for its various applica-
tions. Since the relevancy is defined at the instance level, it is more challenging comparing
to traditional image retrieval methods. Recent advances show that Convolutional Neural
Networks (CNNs) offer an attractive method for image feature representations. However,
the CNN method extracts features from the whole image, thus the extracted features con-
tain a large amount of background noisy information, leading to poor retrieval performance.
To solve the problem, this paper proposed a deep region CNN method with object detec-
tion for instance-level object retrieval, which has two phases, i.e., offline Faster R-CNN
training and online instance retrieval. First, we train a Faster R-CNN model to better locate
the region of the objects. Second, we extract the CNN features from the detected object
image region and then retrieve relevant images based on the visual similarity of these fea-
tures. Furthermore, we utilized three different strategies for feature fusing based on the
detected object region candidates from Faster R-CNN.We conduct the experiment on a large
dataset: INSTRE with 23,070 object images and additional one million distractor images.
Qualitative and quantitative evaluation results have demonstrated the advantage of our pro-
posed method. In addition, we conducted extensive experiments on the Oxford dataset and
the experimental results further validated the effectiveness of our proposed method.
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1 Introduction

Object retrieval is an important task in computer vision. In recent years, researchers have
achieved great success in the field of object retrieval. For example, Jegou et al. [18] com-
bined hamming embedding and weak geometric consistency to extract robust visual features
for object retrieval. Albert et al. [13] extracted a global and compact fixed-length repre-
sentation for each image and aggregats many region-wise descriptors for higher retrieval
performance. Based on the level of the target object class, object retrieval can be roughly
divided into two groups: The first group is category-level object retrieval [35], where an
image in the dataset is deemed to be similar to the query image if they share the same object
class. The other group is the instance-level object retrieval [29], where an image is consid-
ered to match the query if they contain the same object. The instance-level object retrieval is
harder that the retrieval methods need to encode the local and detailed information in order
to tell two images apart, e.g., the algorithm should be able to detect the differences between
the Coca-Cola bottle and Mirinda bottle although they have similar shapes. In this paper,
we focus on the instance-level object retrieval.

There are some existing methods for image retrieval at the instance level, such as SIFT
based work [24, 37]. Recent advances [3, 29, 42] show that Convolutional Neural Networks
(CNN) offer an attractive alternative for image search representations with small memory.
Their success is mainly due to the computational power of GPUs and the use of very large
annotated datasets [32]. Using the CNN layer activations as off-the-shelf image descrip-
tors [7, 34] appears very effective and is adopted in many tasks [11, 12]. For example,
Babenko et al. [3] proposed the use of Fully Connected (FC) layer activations as descrip-
tors, while convolutional layer activations are later shown to have superior performance [2,
21, 39]. However, for the CNN-based method, these features are extracted from the global
image, the feature contains a large amount of background information,which can affect the
performance of object retrieval.

In order to solve this problem, we can detect the area of the instance, and then extract the
features from the region where the instance is located. For that solution, we proposed a deep
region Faster R-CNN method for an instance-level object retrieval. As shown in Fig. 1, our
provided instance-level object retrieval system mainly consists of two components: offline
Faster R-CNN training and online instance retrieval. For the offline Faster R-CNN training,

Fig. 1 The pipeline of our proposed instance-level object retrieval system
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the instance retrieval system requires two basic components that allow the user to search
for what they want to get the search results. First, we need to train the Faster R-CNN to
better locate the objects we use for instance retrieval. Second, we extract the CNN features
for the detected object image region. For the online instance retrieval, we use the trained
Faster R-CNN to detect the region with the object, and then extract the CNN features from
the detected regions. The retrieval result of the index picture is obtained based on the visual
similarity of these features. Furthermore, we adopt and compare three different strategies
including connection, mean-pooling and max-pooling to fuse the features of the detected
regions from the instance images.

The contributions of the proposed approach can be summarized as follows:

• We proposed a deep region CNN method with object detection by combining Faster
R-CNN and CNNs for instance-level object retrieval.

• We utilize and compare different strategies of feature fusion based on the detected
object region candidates.

• We conducted the experiment on two object datasets and the experimental results have
validated the effectiveness of our proposed method.

The remainder of the paper is structured as follows. Section 2 introduces the related
work, Section 3 presents the methodology of this paper, including Faster R-CNN based
object region extraction and CNN based Representation. Section 4 includes the performed
experiments on both Instre and Oxford datasets as well as the comparison to other state of
the art sift-based instance search systems and CNN-based search systems. Finally, Section 5
draws the conclusions of this work.

2 RelatedWork

Our work is closely related to the following three research areas: (1) Convolutional Neural
Networks (CNNs), (2) object detection CNNs and (3) instance-level object retrieval.

2.1 Convolutional neural networks(CNNs)

Recently, CNNs are recognized as a mainstream approach and can be successfully applied
into several tasks, such as image classification [22, 38], object detection [11, 31] and
image retrieval [28, 39]. Compared with traditional visual methods, CNNs can extract richer
semantic information based on the deep learning architecture in a large number of labeled
data. There is comparatively less work on CNN-based descriptors for instance retrieval com-
pared to large-scale image classification. Razavian et al. [34] evaluated the performance
of CNN model of [22] on a wide range of tasks including instance retrieval, and showed
initial promising results. Babenko et al. [3] found that the CNN representations can be
compressed more effectively than their sift based method for large-scale instance retrieval.
Chandrasekhar et al. [4] proposed a hash method by changing the sparse high-dimensional
CNN representation to very compact representations for large scale image retrieval. These
work shares similarities with all the former in the usage of convolutional features of a pre-
trained CNN. However, we choose to use a state-of-the-art object detection CNN to extract
region-based convolutional features for instance retrieval.
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2.2 Object detection CNNs

Many works have proposed CNN-based object detection pipelines. Girshick et al. presented
R-CNN [11],where instead of full images, the regions of an object proposal algorithm
were used as inputs to the network. At test time, fully connected layers for all windows
were extracted and used to train a bounding box regressor and classifier. Since then, great
improvements to R-CNN have been released, both in terms of accuracy and speed, such
as SPP-net [15] and Fast R-CNN [10]. Ren et al. [3, 34] introduced Faster R-CNN [31],
which removed the object proposal dependency of former object detection CNN systems by
introducing a Region Proposal Network. Recently there have been some works on object
detection, such as YOLO v2 [30] and SSD [23]. In this work, we take advantage of the
end-to-end self-contained object detection architecture of Faster R-CNN to extract region
features for more robust instance search. We further utilize and compare different feature
fusing strategies on top-ranked detected regions.

2.3 Instance-level object retrieval

Image instance-level retrieval is the discovery of images from a database representing the
same object or scene as the one depicted in a query image. State-of-the-art image instance
retrieval pipelines consist of two major blocks: first, a subset of images similar to the query
are retrieved from the database, next, geometric consistency checks are applied to select the
relevant images from the subset with high precision. The first step is based on the compar-
ison of global image descriptors: high-dimensional vectors with up to tens of thousands of
dimensions representing the image content. Better global descriptors are key to improving
retrieval performance and have been the objective of much recent interest from the multime-
dia research community with work on specific applications such as digital documents [8],
mobile visual search [5, 41], distributed large scale search [17, 19] and compact descriptors
for fast real-world applications [9, 20]. Some recent works [16, 25] further utilized atten-
tion based methods for image retrieval and achieved better retrieval results. Other works
such as [14, 33] moved beyond instance-level retrieval and the goal is to retrieve images
that share the same semantics as the query image. In this paper, we detect the region of the
object on the image by Faster R-CNN, and then select the extracted region features. Com-
pared to the global CNN based method, the features extracted by region-CNN lead to better
performance.

3 Methodology

This paper explores instance-level object retrieval from images using image regions detected
by an object detection CNN. The framework of our provided instance-level object retrieval
system is shown in Fig. 1, and it has two phases, i.e., offline Faster R-CNN training phase
and online instance retrieval phase. Next, we describe these two phases in details.

3.1 Offline faster R-CNN training

3.1.1 Fine-tuning Faster R-CNN

For the object dataset, it has more diverse intra-class instance variations, cluttered and com-
plex background. In order to overcome these difficulties, we explore the suitability of Faster
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R-CNN [31] to obtain better feature representation for better instance retrieval performance.
Particularly, we choose the following fine-tuning pattern. The initial two convolution lay-
ers have the unchanged weights, and the weights of all subsequent layers are updated. By
changing the convolutional features, RPN proposals and fully connected layers to make it
more adaptable to the query instance. The resulting fine-tuned networks are to be used to
extract better features that are conductive to retrieval. To train the RPN, we assign each
anchor a binary tag (not the target). We assign a positive label to two types of anchor: (i)
an anchor (perhaps less than 0.7) that overlaps with a ground truth (GT) bounding box with
the highest IoU (Intersection-over-Union) (ii) an anchor that overlaps an IoU greater than
0.7 with any GT bounding box. Note that a GT bounding box may assign positive tags to
multiple anchors. We assign a negative label to all GT bounding boxes with an IoU ratio
of less than 0.3 of the anchor. Non-positive and negative anchor has no effect on train-
ing objectives. With these definitions, we follow the multitasking loss in Fast R-CNN
to minimize the objective function. We define the loss function for an image as

L(pi, ti ) = 1

Ncts

∑

i

Lcks(pi, p
∗
i ) + λ

1

Nreg

∑

i

p∗
i Lreg(ti , t

∗
i ) (1)

Here, i is the index of an anchor in a mini-batch and pi is the predicted probability of
anchor i being an object. The ground-truth label p∗

i is 1 if the anchor is positive, and is 0
if the anchor is negative. ti is a vector representing the 4 parameterized coordinates of the
predicted bounding box, and t∗i is that of the ground-truth box associated with a positive
anchor.The classification loss Lcls is log loss over two classes (object vs. not object).

After fine-tuning faster R-CNN, we utilize the fine-tuned faster R-CNN to get the bound-
ing boxes of the images and the corresponding score for each bounding box. Figure 2 shows
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Fig. 2 The detected top-5 bounding boxes and their corresponding scores via Faster R-CNN for both datasets
(a) Oxford and (b) Instre
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some examples, including detected top-5 bounding boxes and their corresponding scores
for both datasets (a) Oxford and (b) Instre.

Next, we then use the CNN model to extract the deep visual features from the detected
object region.

3.1.2 CNN based feature representation

CNNs [22] are mainly used to identify two-dimensional images of displacement, scaling
and other forms of twist invariance. Since CNN’s feature detection layer is learned through
the training data, the use of CNN avoids explicit feature extraction and implicitly learns
features from the training data. Moreover, due to the neuron weights on the same feature
map surface, the network can learn in parallel, which is a major advantage of CNNs.

As mentioned above, we focus on leveraging convolutional networks for feature rep-
resentation. We adopt the well known architecture [22] as our basic framework. More
specifically, we select the top-K bounding boxes with higher scores for each image in
the database. According to its coordinates to take out this piece of image,we use the
VGG-16 network trained on Imagenet [36] to extract 4096-D features from the seventh
Fully-Connected layer (FC7).

3.2 Online instance retrieval

Given the query instance image, we extract the visual features based on the fine-tuned
Faster R-CNN and CNN. The similarity is computed to return retrieved results. Gener-
ally, we selected the bounding box with the highest score for each image as the target
region to extract CNN features for the instance retrieval. However, the detected region with
the highest score diverges from the actual instance object region. As a result, this method
may lose some useful information. Figure 2 shows some examples. For both the oldman
and the parchis classes, their highest scoring region is not the object we need to retrieve,
resulting in the reduction in the performance. By observing the highest three of the detect
results, we found that the instance object will generally be in the top K score’s region,
so these corresponding regions of the features will be as much as possible to increase
the correct information. Therefore, according to the selection of the number of bounding
boxes, we adopt the following three strategies to fuse the features from top K’s regions
for each instance image, namely (1)concatenation, (2)mean-pooling and(3)max-pooling.
For concatenation, we fuse features from different regions by simply connecting their
corresponding 4096-D features.

Through the above-mentioned methods, we get the corresponding search results for each
query instance image. By Faster R-CNN, we effectively reduce the affect from the back-
ground of the image. At the same time, through the CNN method, we get the discriminative
semantic information of the detection areas. Finally, we preserve the information of the
image as much as possible by selecting top-K bounding boxes, which reduces the effect due
to poor detection results on some categories.

4 Experiments

In this section, we firstly describe the experimental setting including the dataset and imple-
mentation details. We then evaluate the performance of the proposed method qualitatively
and quantitatively.
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4.1 Datasets

We validate our method on two object datasets including Oxford105k and Instre.
Oxford105k: This dataset [27] consists of 5,062 Oxford landmark images and additional
100,000 images collected from Flickr. These 5,062 landmark images have been manually
annotated to generate a comprehensive ground truth for 11 different landmarks, each repre-
sented by 5 possible queries. This gives a set of 55 queries over which an object retrieval
system can be evaluated. The 100,000 images are disjoint with the 5,062 images and are
used as distractors to test the retrieval performance when the dataset scales to larger size.
Instre: This dataset [40] consists of two subsets:Instre-S and Instre-M [40]. INSTRE-S
contains 200 single-label classes and INSTRE-M is designed for multiple objects. In this
work, we select Instre-S in our experiment. Instre-S dataset contains 23,070 images in total
and each image is provided with object location annotations. In addition, there are additional
one million distractor images crawled from Flickr, and are also used to test the retrieval
performance when the dataset scales to larger size.

4.2 Experimental setup

For the Oxford dataset, only the query image is marked with the ground truth, and in order
to compare with other CNN methods, we only use the 55 markup images for fine tuning. For
the Instre dataset, we randomly select 75 images from each class to form the training set
for fine-tuning Faster R-CNN. After Faster R-CNN fine-tuning, we used the trained Faster
R-CNN to detect regions from the dataset, and then extract the features of detected regions
with higher scores using CNNs. In our experiment, we choose to extract the 4096-D feature
using the VGG-16 network. All the experiments were run in an Nvidia Titan X GPU. Similar
to [40], we select Mean Average Precision (mAP) as the evaluation metric. As the mean of
the average precision scores for each query, mAP has been proven to have especially good
discrimination and stability.

4.3 Evaluation on Oxford105k

In order to compare our method with existing methods on this dataset, we consider the
following baselines for comparison:

• CNN based method (CNN). We directly use the VGG16 network to extract the 4096-D
features for all the images.

• Fine-tuning CNN method (F-CNN). In this baseline, we first fine-tune the VGG16
model, pretrained on the Imagenet dataset using the train dataset, which is the same for
training Faster RCNN. In the case of Oxford,we modify the output layers in the network
to return 11 class probabilities. After fine-tuning, we follow the steps described in the
baseline CNN to extract the visual features from all the images.

• CNN+full cropped [45].
• VLAD-intra [1].

4.3.1 Experimental Results

The results are shown in Fig. 3. As our method, we use the trained Faster R-CNN to detect
regions from the dataset, and then extract the 4096-D features of detected region with the
highest score for each image. From these comparison results, we can see that (1) The per-
formance of F-CNN is better than CNN. This is because fine-tuned CNN is suitable for
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Fig. 3 The performance of all different methods for instance retrieval in Oxford dataset

the current task. (2) The performance of our method achieves the best performance. This
is because our method can more accurately extract the information of the object, and thus
improve the retrieval performance. Because the detected region with the highest score of the
object from Faster R-CNN may not be accurate, adding the features from the regions with
higher scores can enhance the performance of the retrieval results. In order to verify it, we
show different fusion strategies based on different number of candidate regions from each
image. The results are shown in the Fig. 4. We can see that (1) The performance of concate-
nation strategy is better than both mean-pooling and max-pooling method. The probable
reason is that the concatenation method preserves more object information than these two
strategies (2) These methods all achieves the best performance when K = 2. In this case,
the concatenation strategy achieves the best mAP, that is 0.404. That means K = 2 achieves
the balance between the correct object information and the background noise.

4.4 Evaluation on Instre

We consider the following baselines for comparison:

• Spatial Coding (SC) [43]. False SIFT matches can be removed by checking the com-
posed 3-D spatial maps. We alleviate the sensitivity to image rotation through rotating
the query image 20 times by 18 degrees to generate new queries for query expansion.
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Fig. 4 The mAP scores over K candidate regions for different fusion strategies
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• Geometric Coding (GC) [44]. It improves spatial coding in rotation invariancy.
• Combined-Orientation-Position Consistency (COP) [6]. COP employs a graph model

to model the mutual spatial consistency of each two candidate SIFT matches.
• Hamming Embedding + Weak Geometric Consistency (HE+WGC) [18]. HE assigns

each SIFT with a binary signature to encode the localization of it within the Voronoi
cell and WGC exploits a Hough scheme to vote for quantized transformation. In our
experiment, we use the signature length of 64 and Hamming threshold of 22. For
CNN based experiment,we explore two method.One is Off-the-shelf CNN features
method,the others is fine-tune method.

• CNN based method (CNN). In this section, we assess the performance using the
VGG16 network for instance retrieval. We use the VGG16 network to extract the
4096-D features for all the images.

• Fine-tuning CNN method (F-CNN). In this baseline, we first fine-tune the pretrained
network using the train dataset, which is the same with training Faster RCNN. Partic-
ularly, we choose to fine-tune the VGG16 model, pretrained on the Imagenet dataset.
In the case of Instre,we modify the output layers in the network to return 200 class
probabilities. After fine-tuning, we follow the steps described in the baseline CNN to
extract the visual features from all the images.

4.4.1 Experimental results

The results are shown in Fig. 5. As our method, we used the trained Faster R-CNN to
detect regions from the dataset, and then extract the 4096-D features of detected region with
the highest score for each image. From these comparison results, some observations and
analysis are included as follows:(1) The performance of COP and HE-WGC is better than
CNN. The reason is that the background from the images in the Instre dataset is an impor-
tant interference. Through the local feature extraction, the construction of visual dictionary,
generation of original BOF features, introduction of TF-IDF weights HE-WGC can possi-
bly extract features from the object regions and greatly reduced the interference from the
background. (2) The performance of F-CNN is better than CNN. This is because the fine-
tuned VGG16 model can more accurately extract the information of the instance object, and
thus improve the retrieval performance. (3) The performance of our method achieves the
best performance. Because the sift method constructs the vector by constructing the vector
of the feature points, and then matches the vector so that the image must satisfy enough
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Fig. 6 The mAP performance on selected 30 object classes

texture, otherwise the constructed vector discriminant is not too large and can cause false
matching. CNN extracts features from the entire target area, and there is no such limitation.-
Considering that HE+WGC and our method achieve better performance than other base-
lines, we have a more detailed analysis of the experimental results from these two methods
for different classes. Figure 6 further presents the mAP performance on randomly selected
30 object classes. On most classes, our method gives the best performance.

Because the detected region with the highest score of the object from Faster R-CNN may
not accurate, adding the features from the regions with higher scores can enhance the perfor-
mance of the retrieval results. In order to verify it, we show different fusion strategies based
on different number of candidate regions from each image (Fig. 4). The results are shown
in the Fig. 5. We can see that (1) The performance of concatenation strategy is better than
both mean-pooling and max-pooling method. The probable reason is that the concatena-
tion method preserves more object information than these two strategies (2) These methods
all achieves the best performance when K = 2. That means K = 2 achieves the balance
between the correct object information and the background noise.

Finally, we qualitatively evaluate the retrieval results from our methods when K = 1,
2 and 3 since they obtain better retrieval results than other baselines. Figure 7 shows
some example results. As expected, results obtained with Top2 features achieve competitive
results compared to Top1 and Top3, which suggests that connecting the features from the
first 2 regions with higher scores is an effective solution.

Query image K=1 K=2 K=3

Fig. 7 Three image retrieval examples using our method when K=1, 2 and 3, respectively
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5 Discussions

Considering the background noise of the image will hurt the performance of the instance-
level object retrieval. In order to reduce the effect, we detected the object region and directly
extracted the features from the object region for retrieval. However, we cannot guarantee
that the region with the highest score is the object region. Therefore, we obtain the best
performance by combining features from top-K regions results. However, there is a balance
between the number of regions and the performance. In our experiment, when K>2, there is
more noise included in the detected bounding box with the increase of K. Therefore, many
results have the drop.

Another point to notice is that in our experiment,instead of using the ZF network from
Faster R-CNN, we selected the VGG-16 network to extract visual features. The reason is that
VGG-16 has more layers than the ZF network, the performance of VGG-16 network is gene-
rally better than the ZF network, and thus improved the performance of instance-level retrieval.
We conducted the experiment. The accuracy of ZF network is 26.9% while our adopted
VGG-16 is 28.6%. There is about 2 percent improvement compared with the ZF network.

In addition, we designed a method to combine the regional visual features and pre-
dicted class scores for object retrieval. The accuracy is 32.2% and there is about 1 percent
improvement compared with our previous method. The experiment verified the effective-
ness of introducing the predicted class information. Therefore, we can explore such class
information to improve the performance of object retrieval in the future.

6 Conclusion

This paper has presented an instance-level object retrieval method using CNN features from
an object detection CNN. It provides an effective strategy that uses fine-tuned Faster R-CNN
features to describe images. We have shown that it has the capacity of improving the perfor-
mance compared with traditional SIFT based method and CNN based global feature extract
method. This work can be extended in the following three directions. The first direction
is to use our existing framework for instance retrieval with multiple objects in one image.
As the second direction, we plan to adjust existing solution for mobile instance retrieval.
For example, Panda et al. [26] proposed a mobile instance retrieval method by reducing the
visual index size. The third direction is to apply our method into different areas, such as
instance-level food retrieval and clothes retrieval.
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