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Abstract. In our paper we present an architecture for
a system capable of providing back-end support for web-
service by running a variety of computer vision algorithms
distributed across a cluster of machines. We divide the
architecture into learning, real-time processing and a re-
quest handling for web-service. We implement learning
in MapReduce domain with Hadoop jobs, while we im-
plement real-time processing as a Storm application. An
additional website and Android application front-end are
implemented as part of web-service to provide user in-
terface. We evaluate the system on our own cluster and
show that the system running on a cluster of our size can
learn Caltech-101 dataset in 40 minutes while real-time
processing can achieve response time of 2 seconds, which
is adequate for multitude of online applications.

1. Introduction
Increased processing power behind server based com-

puters has in the recent years enabled many online ser-
vices to offload their processing into a cloud-based com-
puting. This has also become beneficial for computer vi-
sion problems where many computationally expensive al-
gorithms are already enabling services such as TinEye1,
Macroglossa2, Google Image Search3 or Google Gog-
gles4. These online services work particularly well for
images that the system has previously seen on the inter-
net but do not perform very well on previously unseen
images. For instance, the TinEye service does not per-
form any object recognition5, while querying Google Im-
age Search with an camera snapshot of a simple coffee
mug or a chair produces results where there is no mug or
chair in any of the first 50 hits (see, Fig. 2). The only vi-
sual similarity between the query image and the results is
a similar color distribution.

Adding more advanced computer vision algorithms
such as object categorization would be highly beneficial

1http://www.tineye.com
2http://www.macroglossa.com
3http://images.google.com/
4http://www.google.com/mobile/goggles
5http://www.tineye.com/faq#similar
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Figure 1. Conceptual overview of online computer vision ser-
vice. Service takes a single image as a query, relays it for pro-
cessing on cluster of machines and returns a result in a form of
recognized category, detected objects, similar images, etc.

as it could provide more information on objects that have
not been previously seen but belong to a known category
of objects. This would in turn open up the service for
multitude of applications. For instance, the service could
provide a cloud-based machine vision for robotic systems,
or it could be used as a back-end for an application that is
capable of poisonous plant or dangerous animal identifi-
cation.

Most of the existing online computer vision services
provide only simple image similarity searches. We show
in this paper how advanced computer vision algorithms
can be implemented as a cloud-based application to pro-
vide an online service. Simple offloading of computer
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Figure 2. Two examples of Google Image Search on unknown images. Returned similar images match only based on color distribution
but ignore any other information such as visual category.

vision processing to a single server has already been
done [5, 7], but they implemented the algorithm on a sin-
gle server which does not scale well and cannot be directly
distributed across many servers. In our paper we therefore
focus primarily on describing a system that can efficiently
run computer vision algorithms on a cluster of machines.
We analyze requirements for such a system for providing
online service, describe our implementation and provide
some performance analysis. The architecture of the sys-
tem we are describing is general enough to allow for im-
plementation of different kinds of computer vision algo-
rithms, thus providing variety of services such as: detec-
tion of objects in images, recognition and identification of
different visual categories or content based image search,
not just based on color distribution but based on objects
and visual categories identified in the query image. In our
paper we demonstrate this service on a problem of object
categorization using HoC descriptor [8].

This paper is structured as follows. In Section 2 we
state the requirements that a computer vision algorithm
must meet, the architecture is presented in Section 3 and
the implemented computer vision algorithm is presented
in Section 4. In Sections 5 and 6 we analyze in more detail
how different back-end aspects of the service can be im-
plemented and provide a general implementation details
on user interface in Section 7. In Section 8 we provide
some performance analysis of implemented service and
conclude the paper in Section 9.

2. Requirements
We first present the following requirements for our sys-

tem:

• providing an online service (a web-service) for com-
puter vision algorithms,

• capability of distributed processing in a cluster of
machines (a cloud),

• ability to handle hundreds of requests per second.

Running a system on a cluster of machines requires that all
the implemented algorithms run distributed in order to uti-
lize the resources as efficiently as possible. By distribut-
ing the processing across a cluster we also enable efficient
scalability. Adding new machines to the cluster should be
a straightforward process and should automatically pro-
vide higher throughput to handle more and more requests
easily as the service expands.

Additionally, the system has to function as a service.
This requires the system to handle requests that come ei-
ther directly from the internet or from any underlying sys-
tem using this service. Each request comes in a form of
an image and the system has to be able to process it with
computer vision algorithm and return a result in the form
of a category or objects detected in the image or similar
images. A general overview is depicted in Fig. 1.

As a service, the system also has to enable handling
hundreds of requests simultaneously and process them
sufficiently fast. This puts additional constraints on the
algorithms that we can use. In general, the recommended
tolerable waiting time (TWT) for web pages is approxi-
mately 2 seconds [6], but that number can vary for dif-
ferent applications. In our case, any algorithm capable of
processing the image in up to five seconds or less should
be acceptable for a multitude of online applications, while
any further processing delay might deter the user from us-
ing this service.

3. Architecture

Many computer vision algorithms are divided into two
stages: (i) learning and (ii) testing/classifying. We there-
fore implement two different subsystems. The first sub-
system corresponds to the learning stage. As we also have
to meet the required resource efficiency utilization by dis-
tributing the processing across different machines in the
cluster setup, we term this subsystem as distributed learn-
ing. The second subsystem provides a testing/classifying
stage. This subsystem is also the main part of the system
that has to be connected to the input of our web-service
and in real-time provide results on each query requested
by the user. As such we call this subsystem real-time
stream processing. We also implement a third subsystem
called Web Service Interface that provides service API
over the internet.

All subsystems have completely different assignments
within the framework and are therefore implemented us-
ing different techniques. Distributed learning has to pro-
cess relatively high number of training images (from thou-
sands of images and upwards) therefore this process can
be best distributed across a cluster by transforming it into
a MapReduce [3] problem. In this domain the problem is
represented by a set of input items which are processed
with a Map and a Reduce function. By transforming the
algorithm to a MapReduce domain a problem now be-
comes relatively straightforward to be distributed across
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Figure 3. Architecture of the system providing a computer vision service. Service is divided into learning subsystem handling any
learning and training of library, models, etc, and into real-time processing subsystem handling incoming request and generating results.

cluster machines, provided that each item can be pro-
cessed with Map and Reduce function independently of
other items. In our case we treat each training image as a
single item. Any part of a computer vision algorithm that
can process images independently can be trivially trans-
formed into this domain. More complex parts would have
to be re-factored in order to efficiently run on a cluster of
machines.

Real-time stream processing must be implemented us-
ing different technique as its job and requirements are
completely different. This subsystem is directly con-
nected to the web-service and must serve hundreds of re-
quests and return corresponding results in near real-time.
For each query this system has to process a single im-
age. Transforming this subsystem into MapReduce do-
main would not be possible since that system works as a
batch processing of jobs, where all input data is known in
advance. But in this subsystem we have to continuously
handle requests that are coming into the system and there-
fore we do not know in advance how many request we will
have. The best way to efficiently run computer vision al-
gorithm on a cluster of machines would be to assign each
request to a single machine for processing.

Web Service Interface subsystem provides API for ac-
cess to the service and additional user interface in a form
of a web site and an Android application. The subsystem
also has to enable communication with Real-time stream
processing subsystem. Web Service Interface has to work
as a relay between the user and Real-time stream process-
ing by forwarding the request from user for further pro-
cessing and retrieving the results, which are then relayed
back to the user. Graphical representation of all three sub-
systems can be seen in Fig. 3.

4. HoC-based object categorization

In general, the algorithm for image processing can be
a multitude of different computer vision algorithms but
in this paper we demonstrate the system on the problem
of multiclass object categorization. For object categoriza-
tion we use the LHOP [4] based HoC [8] descriptor with
an SVM [2] classifier. The advantage of using this algo-
rithm is LHOP’s efficient inference. As the service has to
enable quick response to user’s query, this method with its
efficient inference allows us to quickly process the image
and generate the HoC descriptor. The descriptor based ap-
proach is used on the whole image. Therefore our system
provides only object categorization service and not object
localization or detection. In this section we briefly de-
scribe the process of categorization using HoC descriptor
and refer the reader to [8] for further details.

Histogram of Compositions is a shape-based descrip-
tor which uses learning of shapes to find only shapes and
structures that are most relevant for object description.
Relevant shape fragments identification is achieved by the
learning process of learnt-hierarchy-of-parts [4] (LHOP)
model, which produces a vocabulary of hierarchical com-
positions. This compositions are then further used in the
process of constructing the HoC descriptor.

Constructing a HoC descriptor H from an image is a
two step process. In the first step, image is processed with
a previously learnt LHOP library L to produce a list of
compositions {πk}k=1:K . Since LHOP represents shapes
using hierarchical compositions we produce a list of com-
positions for each layer of hierarchy. DescriptorH is then
constructed in second step from compositions of the de-
sired layer(s) {πk | πk ∈ selected layers}. This pro-
cess applies partitioning scheme ofM -regions and creates
small histograms of compositionsHm of each region that
form a part of a final descriptor H = α[H1, ...HM ]. This



descriptor is then further used in an SVM to perform the
final step in the object categorization.

5. Distributed learning subsystem
In this section we detail implementation of distributed

learning for object categorization using HoC descriptor.
We define the process of learning as follows:

Input: L is a pre-learnt LHOP library and {(Ii, ci)}i=1:I

is a set of training images Ii each annotated with a
proper visual category name ci ∈ C.

Output: {mj}j=1:J is a set of SVM models representing
trained model mj for each different category found
in the set of category names C.

Algorithm steps:

1. Process each image Ii from the set of training im-
ages (Ii, ci) with an LHOP model to produce com-
positions πk for the whole hierarchy:

P(Ii,L) = {πk}k=1:Ki
.

2. Generate HoC descriptor Hi for each image Ii pro-
cessed with an LHOP model that produced the list of
compositions {πk}k=1:Ki

.

3. Group HoC descriptors Hi based on its category la-
bel ci and train SVM model mj for each grouped
visual category cj :

svm({Hi}i=1:I , cj) = mj .

We use our implementation of LHOP [4] and HoC [8], and
LIBSVM [2] for support vector machine.

Before translating our problem into MapReduce do-
main we first provide basic MapReduce notation and
refer the reader to [3] for more detail. Input for a
MapReduce problem is always an array of key-value pairs
{(κinputl , ωinput

l )}l=1:L (shown as (a) in Fig. 4) that gets
processed with two different functions. First with a map
function M to produce (b) intermediate result of a key-
value pair :

M : (κinputl , ωinput
l ) 7→ (κinterl , ωinter

l ).

All intermediate pairs are then grouped by their keys into
(c) N different groups {(κintern , {ωinter

o,n }o=1:On
)}n=1:N .

Each group with the same key is then further processed by
a reduce function R that returns (d) final key-value pairs
for each group with the same key:

R : (κintern , {ωinter
o,n }o=1:On)) 7→ (κoutputn , ωoutput

n ).

A simple graph of this process is depicted in Fig. 4. We
can now transform each step of our object categorization
procedure into a separate MapReduce problem and con-
nect them together by chaining output of each step into
the input of the next step.
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Figure 4. MapReduce processing pattern. Set of input pairs (a)
gets processed in parallel by Map function then this intermediate
result (b) gets grouped by its keys and each group (c) gets finally
processed in parallel by Reduce function to produce final output
(d).

5.1. Object categorization learning as MapReduce

In the first step we have input in a form of list of train-
ing images with category labels, which we now represent
as MapReduce input pair with empty key and value as im-
age with category:

κinput_LHOP
i = ∅,
ωinput_LHOP
i = (Ii, ci).

Processing with LHOP library can then be eas-
ily represented as a MapReduce map function
MLHOP ((κinputi , ωinput

i )) = P(Ii,L), while re-
duce function RLHOP is not needed in this case.
Intermediate result of map function is directly result of
MapReduce process for this step which in this case is
represented as empty key and list of compositions with
category name as value:

κoutput_LHOP
i = ∅,
ωoutput_LHOP
i = ({πk}k=1:Ki

, ci).

The second step is transformed in a similar manner.
We first chain output of previous MapReduce step directly
into input pair of current step:

κinput_HoC
i = ∅,
ωinput_HoC
i = ωoutput_LHOP

i = ({πk}k=1:Ki
, ci).

Map functionMHoC in this case generates HoC descrip-
tor, while reduce function RHoC is not needed, so inter-
mediate output of map directly becomes output of the cur-
rent MapReduce step, in which we return an empty key
and HoC descriptor with category label as value:

κoutput_HoC
i = ∅,
ωoutput_HoC
i = (Hi, ci).

For the last step, which is SVM training, we need to
distribute processing not by images, but by all the possi-
ble categories as training of a single category will require
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Figure 5. The process of learning visual categories using HoC descriptor and support vector machine. In general process is composed
out of three different Hadoop jobs: LHOP processing, HoC generating and SVM training. We merge first two steps to avoid costly
read/write to HDFS.

descriptors from all training images. However we can still
train a single category independently of other categories.
Additionally, we leverage the number of cluster machines
to implement a simple grid optimization of SVM param-
eters. We achieve this by adding additional input pairs
for each parameter configuration we check. We can now
write the last step as MapReduce problem with input pair
as category name for key, and HoC descriptor of all train-
ing images together with specific SVM parameter values
for the input value

κoutput_SVM
j = cj ,

ωoutput_SVM
j = ({Hi}i=1:I , svm_params).

Map function is then implemented as an SVM training
MSVM = svm({Hi}i=1:I , cj , svm_params) which re-
turns category name for key, and a trained SVM model
with some performance metric p for value:

κinter_SVM
j = cj ,

ωinter_SVM
j = (mj , p).

The reduce is then implemented as a max function across
all the trained models for specific category:

RSVM (cj , {(mo, po)}o=1:Oj ) =

(cj , argmax
po

({(mo, po)})).

The result of reduce function is then a set of pairs with
category names and appropriate best-performing SVM
model (cj ,mj).

5.2. Hadoop as MapReduce implementation

There are many available implementations of MapRe-
duce. We have chosen Apache Hadoop [9] which is an
open source implementation written in Java. It is intended
for processing of BigData (tens of Terabytes of data) as
a batch of jobs and is easily scalable up to 1000 or more
nodes (machines). Hadoop also comes with its own ver-
sion of distributed file system called Hadoop Distributed
File System (HDFS), which holds all the input and output
data as well as any intermediate results.

Distributed learning subsystem can now be imple-
mented as batch of three different Hadoop job jars that

run in a sequence. In the first job we read images from the
database, process them with LHOP and save results onto
HDFS file-system. The second job waits for all the im-
ages to be processed, then reads them from HDFS, gen-
erates appropriate HoC descriptor and saves them back
to HDFS. The final job waits until all the HoC descrip-
tors are generated, reads them from HDFS and generates
appropriate number of SVM problems for each category
which are then trained on the cluster. The final job creates
SVM models and sends them to real-time stream process-
ing subsystem. This sequence of jobs is depicted in Fig. 5.

We noticed that, between each job, we write results in
HDFS file-system and then read them again for the next
job. This presents a possible bottleneck as access to HDFS
can be expensive. Therefore we additionally optimize the
sequence of jobs by merging the first and the second job
together. In this way we generate HoC descriptor immedi-
ately from the image processed with an LHOP model that
is still loaded in memory and can therefore avoid writing
and reading results of the first job. Since HoC descriptor
can now be generated immediately after the image is pro-
cessed, we also eliminate any delay between the first and
the second job and thus optimize the process even further.

6. Real-time stream processing subsystem
In this section we present a subsystem capable of han-

dling requests from the web-service, process them with
object categorization algorithm and provide appropriate
response back to the requester. We define the algorithm
required for this subsystem as follows:

Input: L is a pre-learnt LHOP library, {(cj ,mj)}j=1:J is
a set of trained SVM models and (ri, Ii) is a request
with an image Ii and request information ri.

Output: (ri, ci, pi) is a response to request ri with an im-
age classification category ci and SVM score pi.

Algorithm steps:

1. Process request image Ii with an LHOP model to
produce compositions πk for the whole hierarchy:

P(Ii,L) = {πk}k=1:Ki
.

2. Generate HoC descriptor Hi from image Ii pro-
cessed with an LHOP model that produced list of
compositions {πk}k=1:Ki .



Figure 6. Example of Storm topology with two spouts connected
to five bolts.

3. Classify HoC descriptor Hi into a number of pre-
trained categories using SVM. We select category
with the best score pi:

ci = argmax
(cj,mj)

{pj = svm(Hi,mj); pj > 0},

if any score is higher then 0 or return empty category
otherwise. We return original request ri and category
classification ci with its score pi as result.

Implementing this kind of a system would not be pos-
sible with the Hadoop in MapReduce domain since in that
system we have to know in advance the number of input
items to process in order to split them in the most effi-
cient way for processing across different cluster machines.
While in our case input data would be unpredictably com-
ing into the system based on user requests. Therefore the
system does not know in advance how many requests we
will have. The best way to implement this kind of request
handling would be with a system of workers and queues
distributed across different machines where each worker
could then accept the workload as it arrives into the sys-
tem. To implement this design we use Storm6 which is
an open source distributed real-time computation system.
It provides all the necessary infrastructure of workers and
queues distributed across cluster machines and provides
convenient way for implementing applications on top of
this system.

Writing application on top of Storm requires to define a
topology. Topology is a digraph where nodes are process-
ing elements and are implemented either as spout or bolt,
and directed edges represent the direction of processed
data. A general example of Storm topology is shown in
Fig. 6. The work in this topology starts with a spout,
which can be hooked to the outside world and would be
generating (emitting) new data streams. A stream of data
would then be sent to the appropriate neighboring bolts.
Each bolt then processes the data and can emit its re-
sults as one or more new streams to its neighboring nodes.
The process continues until no more new data is emit-
ted. Processing in each node is handled by Storm and
gets distributed across the cluster according to availabil-

6http://storm-project.net
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Figure 7. Storm topology for object categorization processing
using HoC descriptor and support vector machine.

ity of workers therefore allowing for best utilization of re-
sources.

6.1. Real-time image categorization service as
Storm topology

We define our system of image categorization service
as Storm application by providing appropriate topology of
spouts and bolts. In our case we define one bolt for each
step of the algorithm and simply connect them in a se-
quence. Therefore a single bolt implementation represents
LHOP processing, one bolt represents generating HoC de-
scriptor and additional bolt represents classifying with the
trained SVM models. We also need to define one spout
which will wait for input requests and send appropriate
stream of data to the first bolt. Also additional bolt has to
be added at the end of the stream that will send response
in a form of a category name back to the original caller. A
graphical depiction of this topology can be seen in Fig. 7.

The above topology allows for handling of each request
by multiple workers across different machines as each bolt
can be processed simultaneously. But due to sequential
processing we still have response time that is the sum of
each individual bolt processing time:

tresponse = tLHOP + tHoC + J · tSVM + t̄,

where J is the number of categories and t̄ is the additional
time needed for communication between different bolts
and also between user and web-service.

Note, that we have implemented SVM classification
as a single bolt worker. This may not appear optimal at
first since we need to test descriptor against multiple cate-
gories which can be done in parallel. Thus implementing
SVM classification of each individual category as single
bolt might provide better results. In practice however, the
time needed for classification of all categories (100 cate-
gories in our case) in a single bolt was only 25% of the
response time with the other 75% representing the time
required for LHOP processing. Performance benefits of
using multiple bolts might become more noticeable with
higher number of categories but even in that case it would
still be more reasonable to handle a subset of categories at
once to avoid any additional delay of sending hundreds of
streams across the cluster.

7. Web service interface

As our system is intended to work as a web-accessible
service, we have implemented a simple web interface that



Web Browser

Real-time Stream 

Processing Subsystem

Internet

Local network

Beanstalk queues

Web Service

SSH Tunnel

SSH Tunnel

Mobile App

Web Service 

Interface

Figure 8. Web Service Interface architecture.

handles user-interaction, relays the requests to the back-
end and displays the results to the user after the request
has been processed by the service.

7.1. Web site

The main component of our interface is a web-site writ-
ten in Python and JavaScript. The Python part accepts
requests, validates input images (size and type) on the
server, equips them with additional meta-data and pushes
jobs to a Beanstalk7 incoming queue. Once the job is
processed, the results are inserted to a database by a dae-
mon process where they are available to the service. The
JavaScript part of the interface handles smooth transitions
of the browser interface.

As security of the system is important the computa-
tional back-end is located on the local network and is con-
nected to the public web server that runs the interface
front-end using a persistent encrypted tunnel. This rela-
tion is illustrated in Fig. 8.

7.2. Android front-end

In our internal user-experience study we have found
that a classical web-interface could be improved by al-
lowing user to quickly capture and submit new images as
queries. As nearly all mobile smart-phones and tablets
now days contain a high-resolution camera, we have cre-
ated a prototype Android application to streamline the
process. The application enables users to capture images,
uploads them to the web-service and displays the result.

8. Performance
Evaluation of our system was performed by imple-

menting both subsystems on a cluster of three machines
7http://kr.github.com/beanstalkd/
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tLHOP tHoC J · tSVM t̄ tresponse

1547 ms 85 ms 462 ms 48 ms 2144 ms
Table 1. Response time of object categorization service using
Storm processing.

each with more than 30 CPU cores and more then 80
GB of memory. For Hadoop system we assigned 35 slots
on each machine which allows simultaneous execution of
105 Map or Reduce functions. The distributed learning
was preformed on all 9124 images of Caltech-101 dataset
with 103 categories (with background images and separate
faces and faces_easy category). We also added mirror im-
age for each training example. This produced 18248 dif-
ferent training examples. We evaluated the performance
of distributed learning subsystem by varying the number
of training examples and timing each Hadoop job with
any additional time for framework setup. The results are
shown in Fig. 9. We were able to learn all 103 categories
with 18248 images in less then 40 minutes but there is
also some room for improvements as Hadoop jobs took
less then 30 minutes. Based on the observed numbers we
can see that we can easily learn Caltech-101 in less then an
hour and since learning could be done only occasionally
(depending on newly gathered image dataset from crawled
web pages or user feedback once or twice a week could
be enough) we could easily scale our system to hundred
of thousands or even millions of training images as this
could be processed in a day or two.

Evaluation of real-time stream processing subsystem
was performed on a single machine with 8 CPU cores
where we assigned 4 slots for Storm task processing. We
evaluate only response time of a single query and provide
theoretical extrapolation for max server load. Results of
the evaluation can be seen in Table 1. We tested the server
with 20 different images and provide an average time for
each component. Assuming we can use the same cluster
as for Hadoop (105 nodes) we can calculate the maximum



number of incoming requests that we can handle. Using
queueing theory [1] we can define our Storm application
service as M/M/105 queue model, where arrival rate λ is
according to a Poisson process and service times have an
exponential distribution with parameter µ. Based on ob-
served averaged processing time tresponse = 2.144 sec
we can set the service time µ = 0.4664 sec−1 and calcu-
late the maximum arrival rate before the system’s queue
grows to infinity (i.e. when ρ > 1):

ρ =
λ

m · µ,
where m = 105 is number of processing servers. We cal-
culate the max arrival rate λmax = m · µ = 48.9720,
which tells us that our service would be able to handle
48 requests per second before the queue would start to
grow to infinity. The observed response time and a cal-
culation of handling 48 requests per second in a cluster
of 105 nodes could effectively allow us to use the system
for multitude of online services. Scaling to any more traf-
fic or requests would only require additional computing
power which can be added trivially even without stopping
the existing service thanks to flexibility of the Storm and
Hadoop systems.

9. Conclusion
In this paper we presented implementation of a com-

puter vision algorithm as an online web-service and an-
alyzed the efficiency of implementation on a distributed
processing platform. In particular we implemented a ser-
vice for object categorization using HoC descriptor [8]
and a support vector machine [2]. We divided the architec-
ture of the system into two stages: distributed learning and
real-time stream processing. The first part was respon-
sible for the learning and was implemented in MapRe-
duce [3] domain as a Hadoop job. While the second part,
real-time stream processing, was responsible for handling
online service requests and was implemented as a Storm
application. An additional part of the system was also the
web-service interface that acted as an relay between users
and distributed processing platform. We implemented it
as an web site and also as an Android application.

We analyzed the performance of each stage on a clus-
ter with more then 100 CPU cores. The system was able
to complete the learning phase in less than an hour for
Caltech-101 dataset with around 18000 training images
and more then 100 categories. Accounting for infrequent,
runs and based on performance analysis, we have shown
that such system should be able to scale to hundreds of
thousands or even millions of training images. The analy-
sis of the second part, the real-time stream processing, has
shown that our service has response time of around 2 sec-
onds which is completely adequate for multitude of online
applications. We also showed that the system deployed on
a cluster of 105 nodes should be able to handle 48 requests
per second and we could easily scale to higher number by
adding additional machines to the cluster.

Note, that the presented system can potentially be used
not only as an online computer vision service but by
adding user feedback to the web interface we could use
the system as image annotation tool. For instance, a user
might be able to provide a feedback for each missing
object or improperly classified category. This data can
then be collected by the system and used to generate new
dataset of training images. This dataset could augment the
existing training images and together with retraining en-
able better performance of the whole service. We would
like to implement this extension in our future work to-
gether with some other small optimizations. Additionally,
we would also like to extend the system from only ob-
ject categorization to object detection and localization. In
our future work we will use the system for implementing
content-based image search that would take into account
information about object categories found in the image.
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