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Abstract. We propose a new high-quality up-scaling technique that ex-
tends the existing example based super-resolution (SR) framework. Our
approach is based on the fundamental idea that a low-resolution (LR) im-
age could be generated from any of the multiple possible high-resolution
(HR) images. Therefore it would be more natural to use multiple predic-
tors of HR patch from LR patch instead of single one. In this work we
build a generic framework to estimate an HR image from LR one using an
adaptive prior (select the predictor locally) based on the local statistics
of LR images. We use natural image patch prior as the HR image statis-
tics. We partition the natural images into documents and group them to
discover the inherent topics using probabilistic Latent Semantic Analysis
(pLSA) and also learn the dual dictionaries of HR and LR image patch
pairs for each of the topics using sparse dictionary learning technique.
Then for test image we infer locally which topic it corresponds to and
then we use the corresponding learned dual dictionary to generate HR
image. Experimental results show the effectiveness of our method over
existing state-of-art methods.

1 Introduction

The goal of Super Resolution (SR) methods is to reconstruct HR image from a
single or multiple input LR images. Accordingly, SR image reconstruction meth-
ods may be broadly categorized into two classes: (i) Multi-frame SR methods,
and (ii) Single-frame SR methods. In the classical multi-frame SR [1], [2], [3], [4],
multiple LR images of the same scene with different sub-pixel shifts are taken
as input. A set of constraints is imposed on the unknown HR image along with
a regularization/prior term to convert an ill-posed SR problem to a well-posed
one, since infinitely many HR images are possible that may results in the same
set of LR images. However, the unavailability of sufficient number of LR images
limits this class of SR methods.

The other class of SR methods generates the HR image from a single LR im-
age or frame. These methods are also called ‘Example-Based Super-Resolution’ [5],
[6], [7], [8] or ‘Image Hallucination’ [9]. In example-based SR, correspondence be-
tween LR and HR image patches are learned from a collection of LR and HR
image pairs and then applied to a new LR image to reconstruct its most likely
HR version. These algorithms are in general based on image edge prior [6], [10]
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or gradient profile prior [11]. Glasner et al. [7] merge the concepts of both single-
frame SR and multi-frame SR for HR image reconstruction from a single-frame.
They down-scale the input LR image to further coarser scale and then learn the
correspondence between the LR and the HR patch pairs. In the recent years
SR algorithms with sparse image prior [9], [12] have been receiving more at-
tention due to advancement of Sparse Coding techniques [13], [14], [15]. It has
been applied to many other related inverse problems in image processing, such
as compression[16], de-noising [17] and restoration [18], [15]. Research on image
statistics suggests that the image patches can be well-represented as a sparse
linear combination of elements from an appropriately chosen over-complete dic-
tionary [16], [18]. The effectiveness of such sparsity prior is demonstrated by
Yang et al. [8] for both general image super-resolution (SR) and the special case
of face hallucination.

All the works for single-frame SR mentioned above learn the one-to-one cor-
respondence between LR and HR patch pairs. They predict/infer a HR patch
accordingly from a LR patch. But for natural images different HR patches can
result in identical LR patch when blurred and down-sampled. In essence, there
exists a many-to-one mapping while LR patches are generated from HR ones.
So during the inverse process for SR reconstruction, various HR patches may be
predicted for a single LR patch. In this work, we discover a semantic relation-
ship of different possible HR patches corresponding to a given LR patch using
a probabilistic model (pLSA). Using the same model we also predict the higher
level semantic in which the HR patches possibly belong to. We learn a separate
predictor for each of the semantic. For this purpose we adopt and extend the
model of Yang et al. [8] for sparse representation. The rest of this paper is orga-
nized as follows. We first give a brief overview of our framework and summarize
the proposed algorithm in Section 2. In Section 3, we describe our algorithm
in detail. Section 4 presents the experimental results and the comparison with
those produced by other methods. Finally, we conclude the paper in Section 5.

2 Proposed Framework

It is mentioned earlier that a LR image patch can be generated from any of the
several possible HR image patches. Here we propose is to build separate predictor
corresponding to each of these possibilities to generate appropriate HR patch
from a given LR patch. To achieve this we proceed as follows. Given a collection
of natural images our intention is to discover the inherent topics that group
the collection of natural image documents according to the possible different
HR patches for a LR patch. Here we have used the general terms, viz. topics,
documents and words that are mostly used in text literature. In the context of
image SR, we define “Document” as cropped portion of an image consisting of
smaller patches as called “Words”. “Topic”, on the other hand, is a even higher
level concept that group different documents according to the co-occurrences of
different words within and across the documents. In the subsequent section we
will elaborate those terms.
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Here, we briefly investigate the two main frameworks that are used for this
work: (i) topic discovery - where document categories are discovered by pLSA
clustering on all cropped regions of the available images (and topic classifica-
tion/inference for the test image), (ii) encoding sparse prior - prediction of HR
patches from LR ones using sparse dual dictionary.

Fig. 1. (a) Illustrates the pLSA graphical model: Nodes inside a given box indicate that
they are replicated the number of times indicated in the top left corner. (b) Describes
the topic specific word distributions as described by equ. (1).

The separation of documents based on its inherent topic may be accomplished
by the probabilistic Latent Semantic Analysis (pLSA) [19]. In the context of com-
puter vision, this model have been used for object recognition [20] and natural
scene categorization [21] successfully. Here, we propose a new feature descriptor
to represent a document by the convex sparse code and average pooling of all
words (patches) inside the document (details are in sec. 3.1).

In the following section we briefly describe how the pLSA model discovers
the inherent/latent topics in an unsupervised way.

2.1 pLSA: The topic discovery model

The corpus (collection of documents) can be represented in aM×N co-occurrence
table, where each entry in the table n(wi, dj) stores the frequency of occurrences
of the word wi in the document dj , and N and M are the number of docu-
ments and the vocabulary size respectively. Suppose there are K hidden (latent)
topics zk associated with the corpus and there are certain topic proportions cor-
responding to each document in the corpus. Then the joint probability density
function P (wi, dj , zk) of words, documents and topics may be represented by the
graphical model shown in figure 1(a). Marginalizing over the topic zk determines
the conditional probability P (wi|dj) :

P (wi|dj) =
K∑

k=1

P (zk|dj)P (wi|zk), (1)

where P (zk|dj) is the probability of topic zk occurring in document dj , and
P (wi|zk) is the probability of word wi occurring in a particular topic zk. The
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prior probability P (dj) of the documents are assumed to follow an uniform dis-
tribution. The model (1) expresses each document as a convex combination of K
topic vectors as shown in figure 1(b). Fitting the model involves determining (i)
the topic vectors P (wi|zk) which are common to all documents and (ii) the doc-
ument specific mixture coefficients P (zk|dj). A maximum likelihood estimation
of the parameters is obtained by maximizing the objective function:

E =
M∏
i=1

N∏
j=1

P (wi|dj)n(wi,dj), (2)

where P (wi|dj) is given by (1) and n(wi, dj) is the co-occurrence matrix corre-
sponding to the corpus. The model is fitted using the Expectation Maximization
(EM) algorithm [19]. The maximum mixture coefficient z0 = maxzk

P (zk|dj)
would assign the topic z0 to document dj . The topic corresponding to each word
(patch) inside a document is determined accordingly.

2.2 Encoding Sparse Prior on Natural image patches

Unlike the traditional patch-based methods, in this work we generate the HR
patch for each input LR patch based on the topic assigned to it. Let a topic zk

is assigned to LR patch y in document dj by the topic model pLSA as described
above. For this local model, we have two dictionaries Dl

k and Dh
k , where Dh

k is
composed of HR patches and Dl

k is composed of corresponding LR patches from
the topic zk. For the input LR patch y and corresponding HR patch x, we find a
sparse representation αk with respect to dual dictionary [Dl

k;Dh
k ] . The problem

of finding the sparsest representation of [y;x] can be formulated as [8]:

min{‖αk‖1 : ‖Dl
kαk − Fy‖22 ≤ ε1 and ‖PDh

kαk − x‖22 ≤ ε2}, (3)

where F is a (linear) feature extraction operator (e.g., first and second order
derivative operators), ‖αk‖1 corresponds to l1 norm that introduce sparsity and
the matrix P extracts the region of overlap between the current target HR
patch and the previously reconstructed HR image. The constraint optimization
problem (3) can be formulated as unconstrained optimization problem as:

minλ‖αk‖1 + (1/2)‖D̂kαk − ŷ‖22, (4)

where D̂k = [Dl
k;βPDh

k ] and ŷ = [Fy;βx]. The parameter β controls the trade-
off between matching the LR input and finding a HR patch that is compati-
ble with its neighbors, and λ corresponds to the degree of sparsity in sparse
code representation. Large value of λ implies more sparsity which results more
smoothness in the output. In all our experiments, we set β = 1 and λ = 0.15.

2.3 Summary of proposed algorithm

The proposed SR method may be described as a two phase algorithm: (1) Learn-
ing phase - Inherent topics comprising the natural patches are learnt from an
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image database using pLSA model and also the dual dictionaries for each topic
are learnt and (ii) Testing phase - HR image is predicted from the test LR image
via topic assignment for each patch and its sparse representation using the dual
dictionaries of that topic learned in the first phase. The entire super-resolution
process is summarized in Algorithm-1 and Algorithm-2.

Algorithm 1 : Learning inherent topics and corresponding dual dictionaries
1. Input : A collection of sharp natural images, number of topics K, size of the

dictionary L, patch size n and document size m.
2. From all the natural HR images generate corresponding LR images by some reso-

lution factor s.
3. Divide the natural HR images and the corresponding LR ones into overlapping

documents of size m×m and the documents into overlapping patches of size n×n.
4. Collect all the patch pairs - one from HR patch and coupled with corresponding

LR patch, and learn a convex sparse dictionary called as topic-trigger dictionary.
5. Represent each document by a feature vector obtained by average pooling of the

sparse codes of each of the patches over the document.
6. Run the Expectation Maximization (EM) algorithm on the document feature vec-

tors to find out the inherent topic depicted by the documents.
7. Calculate maximum mixture coefficients (of assigned topics) for each of the docu-

ments and partition the document database accordingly.
8. On the documents under each of the topic, apply dual dictionary learning technique

to generate individual dictionaries for each topic.
9. Save the word-topic distributions and the dual dictionaries for subsequent SR

image reconstruction for the given LR images.

3 Detail algorithmic steps

We collect a number of natural sharp images downloaded from the popular
photography forums and considering them as HR images to build our image
database. We generate corresponding LR versions in the following way:

– Apply a Gaussian blur operator on each of the images in the collection with
small kernel (size [3× 3] and σ = 0.8 ).

– Down-sample each image with resolution factor s(= 1.25).
– To learn the correspondence between compressed LR and sharp HR images,

we compress each of the LR image by a wavelet compression technique [22].
– Then up-sample the uncompressed LR image by bicubic interpolation. Thus

original HR and corresponding LR images are now of same size.

The recent works [8], [11], [23] suggest that the derivative features can represent
the patch more efficiently than the actual intensities. In this work, we use four
1-D derivative filter as f1 = [−1, 0, 1], f2 = fT

1 , f3 = [1, 0,−2, 0, 1] and f4 = fT
3 .

Apply these filters to the all LR images of the database. And then we divide the
HR images and corresponding filtered LR images into overlapping documents
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Algorithm 2 : Super Resolution using Topic Model and sparse representation
1. Input : Dual dictionary for each topic, the topic-trigger dictionary, a LR test

image and the resolution factor.
2. Divide the image into overlapping documents and the documents into overlapping

patches and then represent each document in the same manner as was during
training.

3. Assign topics to the documents using EM algorithm.
4. Using the dual dictionaries [Dl

k; Dh
k ] of the inferred topic of a document predict

the HR patches in the document by sparse representation.
5. Make an average of all the predicted HR patches in overlapping region of the

overlapping documents.
6. Then to satisfy the LR formulation constraint apply back-projection technique (10)

to get the estimated HR image.
7. Apply steps 2-6 repeatedly until the SR image with desired resolution factor is

achieved.

of size (m × m) and the documents into overlapping patches of size (n × n).
These patches are concatenated into a vector comprising HR and LR feature
patch-pairs for learning the dual dictionary.

3.1 Topic discovery

From the given set of patch-pairs, our target is to discover the inherent topics
within the corpus, so that it would be possible to semantically group possible
HR patches corresponding to LR patches. To apply topic model, we need to
represent each document by a collection of words from a codebook/vocabulary.
The code-book may be built by applying k-means clustering algorithm over
all possible patch-pairs in the database. The cluster centers then comprise the
codebook and each patch pair vector is represented by the closest element in the
codebook. This leads to well-known ‘bag-of-words’ model in computer vision. As
we stated earlier, in our case ‘bag-of-words’ model may not be a good choice due
to quantization error, instead we use sparse coding of the patches and the average
pooling of these codes over the document represents the document. Furthermore,
we require a model that can analyze the LR patch locally and predict the HR
patch based on semantically meaningful topic assignment. Topic model does this
job very efficiently.

Trigger Dictionary Learning: A convex sparse dictionary is learnt over
the all patch-pairs in the corpus. Here the term convex specifies that each patch
pair vector can be represented by a convex combination of dictionary elements.
To ensure this, we introduce two more constraints in the optimization problem
(4), viz, αk(m) ≥ 0 and

∑
m αk(m) = 1 and solve for D̂k and αk jointly. We call

this as a ‘Trigger Dictionary’ because it represents each document by a feature
vector that can discover the topics in the corpus and also assigns topic to the
test documents. In the following subsection we elaborate these in detail.
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Document representation: Here we propose a new descriptor to summa-
rize a document. This is formed in two steps: (i) patch coding followed by (ii)
average pooling. Let the document dj has L patches pl. In the patch coding step,
we approximate each patch pl by a convex sparse representation αl of the trigger
dictionary of size M . Then each patch can be represented by a vector αl of size
M . In the average pooling step, codes associated with the patches are pooled over
the document and represent each document dj by vdj

. i.e. vdj
=

∑L
l=1 α(l,m)

This document feature vector vdj
is used for topic learning to group the docu-

ments based on its inherent topics.
EM algorithm for topic learning: In the section 2.1, we have seen that

for pLSA model, only observed variable is n(wi, dj). We consider this document-
word co-occurrence matrix as [vd1 , vd2 , . . . , vdN

], where N is the total number
of documents in the corpus. We minimize the log likelihood in eq. (2) using an
Expectation Maximization (EM) algorithm. EM alternates two coupled steps:
(i) an expectation (E) step where posterior probabilities are computed for the
latent variables, and (ii) a maximization (M) step, where the parameters are
updated. Standard calculations yield the E-step equation

P (zk|wi, dj) =
P (zk)P (dj |zk)P (wi|zk)∑K

k′=1 P (zk′ )P (dj |zk′ )P (wi|zk′ )
(5)

as well as the following M-step formula

P (wi|zk) ∝
N∑

j=1

n(wi, dj)P (zk|wi, dj) (6)

P (dj |zk) ∝
M∑
i=1

n(wi, dj)P (zk|wi, dj), (7)

P (zk) ∝
N∑

j=1

M∑
i=1

n(wi, dj)P (zk|wi, dj). (8)

At each iteration the R.H.S of equations in M-step are normalized to follow a
probability distribution. After Learning, P (zk|dj) (∝ P (zk, dj) = P (dj |zk)P (zk)),
represents the mixture proportions of each document, and its maximum value
for each of the document can be assumed as the document topic assignment. In
Figure 2, we show the documents under two topics. It is clear from the figure
that the first one consists of documents of overall homogeneous regions with
sharp edges, while the second one consists of mostly texture regions. P (wi|zk)
and P (zk) are stored for future EM algorithm that would use for test document
topic prediction.

3.2 Sparse Dual Dictionary Learning

For each topic we learn a sparse dual dictionary [Dl
k;Dh

k ] (as in eq. (4)) over the
words under the topic zk. During learning, we have known HR patches x and
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Fig. 2. Documents under three typical topics are displayed.

corresponding LR patches y, and we solve the optimization problem (4) for D̂k

and αk. It is a time consuming process as we have to learn individual dictionary
for each topic zk. However, it is done offline prior to SR reconstruction for test
images. After learning each of them can predict a HR patch x∗ corresponds to
a LR patch y from a test LR image.

3.3 SR image reconstruction

For SR reconstruction, the input LR image is first up-sampled using bicubic
interpolation with resolution factor s and then is divided into overlapping docu-
ments and the documents into overlapping patches in the same way as was done
during training. We represent each document by the feature vector obtained by
average pooling over the convex sparse code of the comprising patches. In this
case we use only the LR components of the vectors of the trigger dictionary.

Topic inference for each document: Documents of the LR image are
analyzed for possible topic assignment for each document. This is also done by
EM algorithm [eq. (5)-(8)]. In this case, the topic specific word distributions
P (wi|zk) and the topic prior probability P (zk) are known apriori (calculated
during training time). Therefore we need to execute only eq. (5) and eq. (7)
alternatively. After convergence the topic corresponding to the maximum value
of P (zk|dj) is assigned as the topic associated to the document dj .

Predicting HR patches: Each LR patch y of a document belonging to the
topic zk is represented by a sparse code αk in the dual dictionary [Dl

k;Dh
k ]. First,

initialize HR patch x with the bicubic interpolated patch and then optimize eq.
(4) repeatedly until it converges. For optimal solution α∗k, the predicted HR patch
becomes x∗ = Dh

kα
∗
k. We do this for all the documents in the test image and then

take average of all overlapping portions to get the estimated HR image. A post
refinement is done on the estimated HR image using back-projection technique
to satisfy LR image formation constraint.

Back-projection to satisfy the constraints: The fundamental constraint
of SR image reconstruction is that the reconstructed HR image X should be
consistent with the input LR image Y i.e., the observed LR image Y should be
a blurred and down-sampled version of the solution X. Mathematically,

Y =↓s HX. (9)
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Here, H represents a blurring filter and ↓s is the down-sampling operator with
factor s. Therefore our estimated HR image is made to satisfy this constraint by
updating it using an iterative method as

Xt+1 = Xt + γHT ↑s (Y− ↓s HXt), (10)

where Xt is the estimated HR image after the t-th iteration, γ is an iterative
constant and ↑s denotes the up-sampling by a factor s. We take the result X∗

from back-projection as the final estimate of HR image. In all our experiments
we have chosen H as Gaussian kernel (size = 3× 3 and σ = 0.2) and γ = 0.2.

4 Experimental results

We have implemented our algorithm using MATLAB 7.6 on a Linux OS with
8GB of RAM and a 3.6-GHz Intel processor. We have used mex code for some
of the subroutines to speed up the process. It takes usually less than 10 seconds
for a typical 200 × 200 LR image with resolution factor 4. To learn the sparse
dictionaries and the sparse representation of patches [eq. (4)], we have used the
optimization toolbox SPAMS (SPArse Modeling Software) Ver. 2.1.

Fig. 3. Comparison of reconstruction results of Wheel image, generated using single
global dictionary proposed by Yang et al. [8] and proposed method with multiple
dictionaries. The marked portions of each of the images are cropped and displayed at
bottom for better view.

We have chosen a small up-sampling factor (s = 1.25) for the proposed algo-
rithm. HR image with higher up-sampling factor can be generated by applying
the algorithm required number of times. When working with color images, the
image is first converted from RGB to YCbCr. Then the SR algorithm is applied
on Y (intensity) channel only. For rest of the components (Cb and Cr which
are usually low frequency channels and stores the color information only) we use
simply Bicubic interpolation. The three modified components are then combined
and converted back to RGB to get the estimated color SR image.
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In our experiment we have chosen 20, 000 documents of size 50 × 50, with
patch size 7 × 7 and then applied pLSA model with 20 topics. The typical size
for dual dictionaries as well as for trigger dictionary is chosen 500. In Figure 3,
we compare our result with Yang et al. [8]. It is clear from the image that the
result of our method contains less artifacts and more sharp boundaries. We also
compare our method with the state-of-art techniques and got better or equivalent
result. Some results are depicted in figure 4.

The a quantitative comparison is shown in the following table 1.

Table 1. PSNR(dB) and SSIM results of reconstructed HR images (noise level σn = 0)

Images Lenna Airplane Peppers Barbara Boat Couple Tiffany Splash

Bicubic
28.83 26.19 27.92 23.84 26.31 27.66 30.38 30.70
0.9160 0.9163 0.9376 0.8155 0.8675 0.8431 0.9240 0.9465

Yang [8]
28.84 26.63 29.05 23.67 26.49 27.82 30.17 32.13
0.9242 0.9260 0.9388 0.8238 0.8876 0.8671 0.9277 0.9470

Proposed
29.08 26.66 29.07 23.75 26.68 27.94 30.24 32.61
0.9280 0.9297 0.9423 0.8269 0.8920 0.8696 0.9304 0.9499

5 Conclusions

In this work we have adopted a model based technique pLSA for single-frame
super resolution via sparse representation. Since a LR patch can possibly be
generated from any of multiple HR patches, we need multiple predictors. So
we do semantic analysis of each of the patches locally to decide on which topic
it belongs to and the corresponding predictor is used. We adopt the sparse
dual dictionary learning scheme corresponding to every topic that can predict a
possible HR patch.

Our experimental results show that proposed method performs superior to
the existing methods in most of the cases. Our method can be directly extended
into Video SR technique, where either we can apply SR technique on each and
individual frame to get SR video or we can divide the video into overlapping
3D blocks (instead of 2D patches for a single-frame) and use exactly the same
algorithm to generate SR video.
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Fig. 4. Comparison of reconstruction results of Chip image. Top to bottom and left
to right images are : Input image (Scaled for display), bicubic interpolation, Genuine
FractalsTM(commercial product), Sun et al. [11], Fattal et al. [24], Glasner et al. [7],
Freeman et al. [23] and proposed method.


