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ABSTRACT
In this paper a novel Relevance Feedback approach that uses
deep Convolutional Neural Networks (CNNs) for image re-
trieval is proposed. We utilize a deep CNN model to refine
the feature representations of the deeper layer used for the
retrieval, based on the feedback of the user. To this end, we
adapt the pretrained model and we re-train the correspond-
ing neural layers on relevant and irrelevant images, as quali-
fied by the user. If the feedback of the users is large enough
a generic model refinement method is also proposed, for im-
proving the entire performance of the system in the retrieval
task. In this case, we refine the deep CNN weights based on
the feedback gathered from multiple users, forming a new
training set. Experimental results denote the effectiveness
of the proposed method in accomplishing better retrieval re-
sults with respect to a certain user’s information need. The
validation of the proposed approach on the queries used in
the relevance feedback as well as on a generic unseen query
dataset, demonstrates the improvement on the retrieval per-
formance, as shown in the experimental results.

CCS Concepts
•Information systems → Users and interactive re-
trieval; Image search; •Computing methodologies→
Neural networks;

Keywords
Relevance Feedback, Content based Image Retrieval, Deep
Convolutional Neural Networks

1. INTRODUCTION
Relevance Feedback (RF) is a powerful technique, initially

developed during 1960s to improve text-based information
retrieval systems [14]. In general, RF refers to the ability of
users to impart their judgement regarding the relevance of
search results to the system. Then, the system can use this
information to ameliorate its performance through iterative
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steps. The concept of RF was introduced in content based
image retrieval (CBIR) in [15], as a technique which can be
used in order to bridge the gap between high level semantic
concepts in user’s mind and low level image features.

Numerous RF approaches have been proposed in the lit-
erature [21]. The vast majority of RF techniques are based
on query refinement in order to better represent the user’s
information need. For instance, the Query Vector Modifi-
cation method reformulates query vector as the mean dif-
ference vector between relevant images and irrrelevant ones,
in an attempt to move it towards good examples and away
from bad examples [9][16]. Another baseline approach in RF
is the reweighting method that changes the distance metric
in order to move relevant images, as denoted by the user,
closer to the query [3].

From a different viewpoint, Bayesian inference methods
use a Bayesian framework in order to estimate the posterior
probability that an image from the search dataset is relevant
to the query image, given the feedback history [5].

Among the proposed RF methodologies, the most relevant
to this work are those using pattern classification techniques
that try to separate the classes of relevant and irrelevant im-
ages. Some of the most successful learning based techniques
are using Support Vector Machines [19], Decision Trees [12],
Random Forests [2] or boosting techniques [18].

In this paper a novel RF approach is proposed that uses
the state-of-the-art deep CNNs for image retrieval. The pro-
posed idea is to use the ability of a deep CNN to modify its
internal structure in order to produce better image represen-
tations used for the retrieval based on the feedback of the
user. To this end, we adapt the deepest neural layers of the
CNN model employed for the feature extraction, so that the
feature representations of the images that qualified as rel-
evant by the user come closer to the query representation,
while the irrelevant ones move away from the query. We note
that the proposed method is generic and can be adapted to
be used additionally to the traditional RF approaches, in
which we aim to modify the query representation in order
to come closer to the relevant representations and to move
away from the irrelevant ones. We have not proceeded in
this paper in the combination of these approaches since we
wanted to highlight the power of the deep CNN in the RF
framework and the extensions are in most cases straightfor-
ward.

The proposed approach overcomes the main drawback of
the learning based RF methods, which is the small accuracy
caused by the small training set, exploiting the CNN’s trans-
fer learning ability. That is the ability of a system to apply
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knowledge learned in previous tasks, since the deep CNN is
already trained in millions of images in order to learn generic
image representation [6], to a novel task which is defined by
the specific query or queries.

We also propose a method for generic deep CNN model
refinement, based on multiple users’ feedback, in order to im-
prove the CBIR system in a more permanent manner. For
this, we gather information from multiple users and then we
fine-tune the weights of the pre-trained neural model so that
relevant images for each user query come closer to the certain
query, while the irrelevant ones move further away. In this
case, multiple targets may be defined for each image that are
handled automatically by the error back-propagation learn-
ing used. The entire framework supports fast learning and
inference using parallel processing in the Graphics Process-
ing Unit (GPU) using the CaffeNet framework, described
in Section 3, rendering the proposed approach amenable for
large-scale and possibly big data retrieval. However, we have
not currently proceeded in evaluating the proposed approach
in big data which is the direction in future research.

The remainder of the manuscript is structured as follows:
Deep CNNs and their applications in CBIR are presented
in Section 2. The proposed RF approach in deep CNNs is
described in detail in Section 3. The proposed approach for
the CNN model refinement in CBIR is presented in Section
4. Experimental results are provided in Section 5. Finally,
conclusions are drawn in Section 6.

2. DEEP CNNS AND THEIR APPLICATIONS
IN CBIR

In the last few years, deep CNNs have been proven to be
very efficient in many vision recognition tasks, such as image
classification [10], digit recognition [4][11], and pedestrian
detection [17]. As a consequence, they attracted the inter-
est of the computer vision research community as well as the
interest of the biggest companies that deal with semantic vi-
sual content analysis, description and retrieval. Deep CNNs
belong to Deep Learning algorithms which attempt to model
high-level abstractions in data by employing deep neural net-
work architectures composed of multiple non-linear trans-
formation neural layers, imitating the human brain that is
organized in a deep architecture and processes information
through multiple stages of transformation and representa-
tion [7].

Deep CNNs, comprise of a number of convolutional and
subsampling layers with nonlinear neural activations, fol-
lowed by fully connected layers. That is, the input image
is introduced to the neural network as a 3 dimensional ten-
sor with dimensions equal to the dimensions of the image
and the number of color channels (usually 3 in RGB im-
ages). Three dimensional filters are learned and apllied in
each layer where convolution is performed and the output is
passed to the neurons of the next layer for nonlinear transfor-
mation using appropriate activation functions. After mul-
tiple convolution layers and subsampling the structure of
the deep architecture changes to fully connected layers and
single dimensional signals. These activations are ususally
used as deep representations for classification, clustering or
retrieval. Training multiple layers of convolutional kernels
can lead to complex features for object recognition achiev-
ing superior performance over hand-crafted image descrip-
tors like SIFT, HOG, VLAD, etc. Additionally, it has been

shown, that features extracted from the activation of a CNN
trained in a fully supervised fashion on a large, fixed set of
object recognition tasks can be re-purposed to novel generic
recognition tasks [8].

Inspired by these results, deep CNNs introduced in the
related problem of CBIR [1][20]. The main approach of ap-
plying deep CNNs in the retrieval domain is to obtain feature
representations from a pre-trained model, by simply passing
images through the model and taking activation values usu-
ally drawn from the last layers, which are meant to contain
high-level semantic information. As a way of improving the
retrieval performance, it has also been proposed the retrain-
ing of the convolutional architecture on a dataset with rele-
vant image statistics and classes to the dataset considered at
test time [1]. Another proposed technique in the direction
of enhancing retrieval perfomance is the refinement of the
pre-trained model parameters with class information [20].
Finally, a different proposed approach uses spatial search
with CNN features for the retrieval task [13].

3. RELEVANCE FEEDBACK IN DEEP CNN
In this paper we propose a CBIR method with a relevance

feedback mechanism, based on deep CNN representations.
We utilize the BVLC Reference CaffeNet model1, which is an
implementation of the AlexNet model [10] trained on the Im-
ageNet Large Scale Visual Recognition Challenge (ILSVRC)
2012 to classify 1000 ImageNet classes [6]. The model con-
sists of eight trained neural network layers; the first five
are convolutional and the remaining three are fully con-
nected. Max-pooling layers follow the first, second and fifth
convolutional layers, while the ReLU non-linearity (f(x) =
max(0, x)) is applied to every convolutional and fully con-
nected layer, except the last fully connected layer (denoted
as FC8). The output of FC8 layer is a distribution over
1000 ImageNet classes. The softmax loss is used during the
training.

We use the CaffeNet model, either to directly extract rep-
resentations from the 7th neural network layer (denoted as
FC7) or to retrain it on a specific dataset. In the second
case, all layers of the new model are initialized with Caf-
feNet model parameters, except the FC8 which is replaced
by a new classification layer that represents the labels of the
given dataset and is initialized randomly. All the convolu-
tional layers up to the first fully connected layer (denoted as
FC6) remain unchanged and we update FC7 and FC8 layers
using error backpropagation. Then, we use the activations
of the FC7 layer in order to extract feature representations.
The dimension of the FC7 layer is 4096 features.

The above features are calculated both for the set of im-
ages to be searched and the query image. Given the query
and its corresponding feature representation, the output of
the CBIR procedure includes a search in the feature space,
in order to find a set of images whose feature representations
are closer in terms of their euclidean distance to the query
representation. Then, in the first RF round, the user marks
some of the retrieved images as relevant or irrelevant and
provides his judgement as feedback to the system. Subse-
quently, this feedback is used by the system to update the
weights of the CNN model, so that relevant representations
come closer to the query representation while the irrelevant

1https://github.com/BVLC/caffe/tree/master/models/
bvlc reference caffenet
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ones move further away. We note that the representations
obtained from a CNN model for a set of input images are
adjustable by modifying the weights of the model. For this,
we adapt the pre-trained model by removing FC8 layer, and
then we fine-tune the parameters of FC7 layer by training
on relevant and irrelevant images. The euclidean loss is used
during training for the regression task. We should note here
that instead of modifying the query, as it is done in many RF
approaches, in the proposed method we try to modify the
image representation in the seventh neural layer, FC7. This
approach can be easily combined with simultaneous modifi-
cation of the query but it is not examined in this paper.

Let us denote by q ∈ R4096×1 the feature representation
emerged in FC7 layer for the query image, X+ = {xi ∈
R4096×1, i = 1, . . . , N} the set of feature representations of
N images that have been qualified as relevant by the user,
and X− = {xj ∈ R4096×1, j = 1, . . . ,M} the set of M irrele-
vant feature representations. Then, our goal is to modify the
above relevant and irrelevant representations exploiting the
retraining abilities of the neural network. The new target
representations for the relevant and irrelevant image rep-
resentations can be respectively determined by solving the
following optimization problems:

min
xi∈X+

J+ = min
xi∈X+

N∑
i=1

‖xi − q‖22, (1)

and

max
xj∈X−

J− = max
xj∈X−

M∑
j=1

‖xj − q‖22. (2)

We solve the above optimization problems using gradient
descent. The first-order gradients of the objective functions
J+ and J− are given respectively by:

∂J+

∂xi
=

∂

∂xi

(
N∑
i=1

‖xi − q‖22

)

=
∂

∂xi
((xi − q)ᵀ(xi − q))

= 2(xi − q),

(3)

and

∂J−

∂xj
=

∂

∂xj

(
M∑
j=1

‖xj − q‖22

)

=
∂

∂xj
((xj − q)ᵀ(xj − q))

= 2(xj − q).

(4)

Consequently, the update rules for the n-th iteration can
be formulated as:

x
(n+1)
i = x

(n)
i − 2α(x

(n)
i − q), xi ∈ X+ (5)

and

x
(n+1)
j = x

(n)
j + 2α(x

(n)
j − q), xj ∈ X− (6)

where the parameter α ∈ [0, 0.5] controls the desired dis-
tance from the query representation.

Using the above representations at the n+1 round as tar-
gets in the FC7 layer we formulate a regression task for the
neural network and the deep CNN, which is trained using

backpropagation, produces representations for the relevant
and the irrelevant images as close as possible to the targets
x(n+1). Thereafter the network’s convergence the relevant
images are closer to the query in the FC7 representation
layer and the irrelevant are further away from the query in
the FC7 representation layer. Thus, the RF procedure is
integrated by feeding the images of the given dataset and
the query image into the input layer of the modified model
and obtaining the new FC7 representations.

The above process is performed in each RF round, by ini-
tializing the CNN model with the parameters of the previous
round and re-training on the new set of relevant and irrele-
vant images with their corresponding updated targets. The
above procedure is denoted as RF(FC7). Given a new query
from the user, the system executes the procedure from the
beginning.

4. DEEP CNN MODEL REFINEMENT IN
CBIR

Exploiting the idea that a deep neural architecture can
non-linearly distort the feature space in order to bring closer
the image representations to a specific query we can consider
using user feedback to multiple queries for more permanent
CNN modifications. That is, the second proposed method
refers to the refinement of the deep CNN model in order
to ameliorate the entire system’s performance in the CBIR
task in a permanent manner, as opposed to the aforemen-
tioned proposed method which aims to improve the retrieval
performance for a certain user’s information need.

The method consists of two phases. In the first phase,
the system merely gathers information from different users’
feedback and stores it. This information consists of queries
and relevant and irrelevant images to these queries. In the
second phase, the system builds targets for each image based
on the user queries using (5) and (6) and refines either the
CaffeNet model or the refined with class labels model, by re-
moving the FC8 layer and training on relevant and irrelevant
images gathered in the first phase. The refinement proce-
dure is the same as in the first proposed method, described
in the previous section.

An issue arising from using multiple users’ feedback is
that in the phase of re-training the CNN model with inputs
the annotated as relevant or irrelevant images and targets
the ones deriving from the equations 5 and 6, an image can
be marked in different ways by different users and, thus,
be involved in different queries. That is, a given image
representation xt in FC7 can be relevant to the query q1

and irrelevant to q2. This forms two contradicting update

rules for xt. That is: x
(n+1)
t = x

(n)
t − 2α(x

(n)
t − q1) and

x
(n+1)
t = x

(n)
t + 2α(x

(n)
t − q2). Employing the CNNs to

this task, saves us from searching an unified target for the
duplicates. That is, we define the targets for all the anno-
tated images, we append them in the training set and let
the network to converge to the most prominent target dur-
ing network training.

5. EXPERIMENTAL RESULTS
In this section we present experiments conducted in or-

der to evaluate the proposed methods. We have two im-



age retrieval datasets: the 102 Category Flower Dataset2,
consisting of 8189 images divided into 102 categories and
the Inria Holidays Dataset 3, consisting of 1491 images di-
vided into 500 classes. In the following results, we denote
as FC7 the feature representations obtained from the FC7
layer of the pre-trained CaffeNet model that serves as the
baseline comparison method. We denote as RCL(FC7) the
representations obtained from the FC7 layer if we retrain
the model with the information that is available from the
training set which is the class information for each training
image. This is obtained, as explained before, by adding a
new layer FC8 with softmax loss and random weights and
targets the classes of the dataset. The FC8 layer is removed
after the training and the refined FC7 representations are
used denoted as RCL(FC7). We denote as RF(FC7) and
RCL(FC7)−→ RF(FC7) the feature representations emerged
in the 7th layer after RF in FC7 and RF in RCL(FC7) as
described in the previous Sections.

5.1 Relevance Feedback in Deep CNN
In order to assess the performance of the proposed RF

method, we perform experiments on the 102 Category Flower
Dataset, considering 6147 images for the search dataset. We
randomly select 10 images from the rest of the dataset to per-
form queries. Each class in our dataset consists of between
20 and 238 images. As relevant is considered an image that
belongs to the same class as the query and as irrelevant an
image belonging to a different class. We execute 4 RF rounds
for each query. At each RF round, we use 19 relevant and
equal number of irrelevant images for the model refinement.
The parameter a is set to 0.25, and the model is trained for
2 epochs at each RF round.

In Inria Holidays dataset, we consider as search set 991
images and we perfom 15 queries from the residue. Each
class in the search set consists of between 1 and 12 images.
We execute 3 RF rounds for each query. At each RF round
we use 5 relevant and 5 irrelvant images for the model re-
finement. The model is trained for 2 epochs at each RF
round.

We measure the performance of our method at each feed-
back round in terms of Precision, which is the ratio of rel-
evant images within the top T retrieved images, as shown
below, and we compute the average precision obtained over
all the performed queries. Average precision is measured in
scope T = 20 and T = 50 for the 102-Flower dataset and in
scope T = 5 and T = 10 for the Inria Holidays dataset.

Precision =
n. of Relevant Retrieved Images

n. of Retrieved Images
(7)

As we can see in Figures 1-9, the proposed RF approach
improves notably the performance of the system both for the
FC7 and RCL(FC7) representations by the first RF round.

5.2 Deep CNN Model Refinement in CBIR
In the second set of experiments conducted in order to

evaluate the method of the CNN model refinement in CBIR,
we employ the 102 Flower dataset, with search set of 6147
images and a set of 102 different queries (queries-set). In
order to evaluate the model’s generalization ability, we also
test the performance on a dataset consisting of 1938 ad-
ditional unknown queries (generic-set). For each different

2http://www.robots.ox.ac.uk/vgg/data/flowers/102/
3https://lear.inrialpes.fr/˜jegou/data.php

Figure 1: 102-Flower - FC7, T=20

Figure 2: 102-Flower - RCL(FC7), T=20

Figure 3: 102-Flower - FC7, T=50

user, we employ 19 relevant and 19 irrelevant images that
form a train set consisting of 3876 images.

In the Inria Holidays dataset we consider a search set of
991 images and a set of 500 different queries. For each dif-
ferent user we use 1 relevant and 5 irrelevant images that
form a train set of 3000 images.

For the evaluation we use the mean Average Precision,
which is the the mean value of the Average Precision (AP)
of all the queries. The AP is defined as the average of preci-
sion values computed at the point of each correctly retrieved

http://www.robots.ox.ac.uk/vgg/data/flowers/102/
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Figure 4: 102-Flower - RCL(FC7), T=50

Figure 5: 102-Flower - FC7 - RCL(FC7), T=20

Figure 6: Inria - FC7, T=5

item. This is formulated for the i-th query as follows:

APi =
1

Qi

N∑
n=1

Rn
i

n
tin, (8)

where Qi is the total number of relevant images for the i-th
query, N is the total number of images of the search set, Rn

i

is the number of relevant retrieved images within the n top
results; tin is an indicator function with tin = 1 if the n-th
retrieved image is relevant to the i-the query, and tin = 0
otherwise.

Results are demonstrated in Tables 1 and 2. We denote as
mAP1, the mean Average Precision values of the queries-set,

Figure 7: Inria - RCL(FC7), T=5

Figure 8: Inria - FC7, T=10

Figure 9: Inria - RCL(FC7), T=10

and as mAP2 the mean Average Precision of the generic-set.
We also demonstrate the Precision-Recall curve for the top
T = 200 and T = 991 retrieved images in the 102-Flower and
the Inria Holidays dataset respectively. The recall metric is
defined as follows:

Recall =
n. of Relevant Retrieved Images

n. of Relevant Images
(9)

From the illustrated results, we observe that the proposed
method improves the system’s performance in the retrieval
task in any considered case. Furthermore, we can see that
the RCL(FC7) representations perform better in the CBIR
task with respect to the FC7 representations, and so do the
RCL(FC7) −→ RF(FC7) representations as compared to the
RF(FC7). Finally, it is interesting to see that in the exper-
iments on the 102 Flower dataset the system’s performance
has been improved not only on the set of the queries in-
volved in the CNN model refinement, but also on the generic



set. That confirms the generalization ability of the proposed
method.

Table 1: Flower-102: mAP
Feature Representation mAP 1 mAP 2

FC7 0.3140 0.3201
RF(FC7) 0.4770 0.3830

RCL(FC7) 0.3494 0.3808
RCL(FC7) −→ RF(FC7) 0.5323 0.4662

Table 2: Inria Holidays: mAP
Feature Representation mAP

FC7 0.6989
RF(FC7) 0.7717

RCL(FC7) 0.7353
RCL(FC7) −→ RF(FC7) 0.7787

Figure 10: 102 Flower - Precision-Recall curve,
Queries-Set

Figure 11: 102 Flower - Precision-Recall curve,
Generic-Set

6. CONCLUSIONS
In this paper we proposed two novel techniques that ex-

ploit relevance feedback and employ deep Convolutional Neu-
ral Network models in the Content Based Image Retrieval

Figure 12: Inria Holidays - Precision-Recall curve

task. The first, RF method, uses a deep CNN in order to ex-
tract the feature representations of the images and asks for
the feedback of the user. Then, the proposed approach im-
proves the retrieval performance for the user’s information
need, by adapting the CNN model and fine-tuning with rele-
vant and irrelevant images as marked by the user, in order to
make relevant representations come closer to the query and
the irrelevant ones to move further away. The second, model
refinement method, improves the entire performance of the
system in the CBIR task by using information gathered from
multiple users and refining the weights of the deep CNN
model, as to make each relevant representation come closer
to its corresponding query and each irrelevant to move away
from it. Experimental results on two image datasets illus-
trate the improvements of the proposed approaches. Future
research is directed towards combining query modification
and large scale experiments.
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