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a b s t r a c t

This paper describes an approach to scene analysis based on supervised training of 2D Long Short-Term Mem-

ory recurrent neural networks (LSTM networks). Unlike previous methods, our approach requires no man-

ual construction of feature hierarchies or incorporation of other prior knowledge. Rather, like deep learning

approaches using convolutional networks, our recognition networks are trained directly on raw pixel val-

ues. However, in contrast to convolutional neural networks, our approach uses 2D LSTM networks at all

levels. Our networks yield per pixel mid-level classifications of input images; since training data for such

applications is not available in large numbers, we describe an approach to generating artificial training data,

and then evaluate the trained networks on real-world images. Our approach performed significantly better

than others methods including Convolutional Neural Networks (ConvNet), yet using two orders of magnitude

fewer parameters. We further show the experiment on a recently published dataset, outdoor scene attribute

dataset for fair comparisons of scene attribute learning which had significant performance improvement

(ca. 21%). Finally, our approach is successfully applied on a real-world application, automatic web-image

tagging.

© 2015 Elsevier B.V. All rights reserved.
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. Introduction

Machine learning and deep neural networks have yielded much

rogress in recent years for tasks like classifying, tagging, and recog-

izing images [20,22]. Such methods have important applications in

reas like web image search, personal image search, assistance de-

ices for the blind, self-driving cars, and many more [2]. Commonly

sed databases (e.g., CIFAR, ImageNet [21,33]) in this research have

ften been low resolution compared to current digital images found

n the web and tend to have target objects occupy a large fraction of

he input image. As image recognition tasks become larger and more

omplex, issues of segmentation and texture classification become

ore important [36]. In traditional computer vision, these problems

ave been addressed using manually constructed feature descriptors,

ometimes combined with simple classifiers, Markov Random Fields,

nd similar approaches [4,27].

For instance, one of the most popular methods, the Bag-of-visual-

ords (BoVW) feature model, describes images as a set of local fea-

ure histograms, and classifies them using non-linear Support Vector
✩ This paper has been recommended for acceptance by J. Laaksonen.
∗ Corresponding author. Tel.: +4917699013491.
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achines (SVM) [8,32]. There have been extended to multiple com-

inations of patch detectors and descriptors [23,38].

Recently, learning higher-level semantic contents (such as object

arts and materials) beyond the plain visual cues (such as color and

exture) had been achieved significant performance gains [10,11,29]

n object recognition. Scene analysis is often thought of as a series

f increasingly higher levels of abstraction, from raw pixel values to

igh-level whole attributes, object identifies, and categories. How-

ver, unlike object recognition, scene images cannot be identified as

single category; Each scene contains multiple salient attributes (for

nstance, sky, buildings, and ground). Therefore, inspired by the idea

f learning semantic attribute, we introduce mid-level attribute to de-

cribe scene images. The mid-level attributes in the scene images are

isual concepts, which are particularly closely related to the visual

roperties (such as sky, ocean, or sand). The learning process is sim-

lar to texture/material classification [7] which analyzes the regular

extures, but the textures here are mid-level attributes, which are the

arts of scenes and appear in complex scene images including many

ther elements.

One of the popular directions to learning visual properties is

eep learning [25]. The approach creates a model to learn high-

evel abstractions from data. Recently, Convolutional Neural Net-

orks (ConvNets) have been very successful in many image classi-

cation tasks like object recognition [22], video classification [19],

http://dx.doi.org/10.1016/j.patrec.2015.06.003
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Fig. 1. An overview of our system. Training: mid-level attribute learning (red). 2D LSTM

recurrent neural network model is trained on the mid-level visual attribute data which

are collected from web image search engine. Experiment 1: visual attribute classification

(blue). It is first tested on single attribute images. The images contain only a single

attribute per image (e.g., “sky”) Experiment 2: natural scene analysis (green). Real-world

scene images are used for this experiment. These images include several attributes

(e.g., “sky, ocean, and sand”). (For interpretation of the references to color in this figure

legend, the reader is referred to the web version of this article.)
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and face recognition [35], through a combination of different layers

(like convolutional, pooling layers, etc) with very large numbers of

parameters.

This paper describes an approach to learning mid-level attribute

labels similar to deep learning and ConvNets in that it learns attribute

labels directly from raw pixel values without intervening manual fea-

ture extraction or other pre-processing steps. In our experiments, we

compare deep learning with an architecture consisting of a single

2D Long Short-Term Memory recurrent neural networks (LSTM net-

works) [14,17], which we will see outperforms the deep ConvNets in

this task. The LSTM networks have found to give better performance
Fig. 2. 2D LSTM network architecture. First, raw RGB values at the block bt (3 × nb × nb)

recurrent connections. The recurrent connections access to each dimension, and each hidde

right to left, and bottom to top). Thus, it keeps the all surrounding context and processes it w

number of blocks per image) are collapsed, then the network outputs the class probabilities
n a number of tasks: image segmentation [15], off-line handwriting

ecognition [16], texture classification [7] and segmentation [6].

In this work, our networks are evaluated on natural scene

mages containing a mix of mid-level attributes collected from

eb-searches. This experiment further demonstrates the real-world

pplication, i.e., automatic web-image tagging, which shows that our

odel is directly applicable to a more realistic scenario. We also ap-

ly our model to public scene attribute dataset (SceneAtt) and report

he significant improvement over the baseline by Wang et al. [39] and

onvNets.

. System description

In this section, we will briefly explain the 2D LSTM networks,

hen the training process (mid-level attribute learning using the

STM networks) and two kinds of experiments: a large-scale at-

ribute classification (Experiment 1), and unknown web scene image

nalysis (Experiment 2). An overview of our system is illustrated in

ig. 1.

.1. 2D LSTM recurrent neural networks

The full network architecture we use is illustrated in Fig. 2. The

etwork is divided into three parts: one input layer, one hidden layer

with four directional LSTM subnets), and one output layer. Note that

his is a fairly shallow network compared to many deep learning ap-

roaches. The main procedure is as follows:

Input layer: As in other deep learning approaches, the 2D LSTM

etworks were given raw RGB pixel values. Although, the 2D LSTM

etworks could have operated directly over the entire image, we

hoose to divide into blocks. We compared sliding window and non-

verlapping block approaches and found that the latter performed

ust as well, but faster. This process localizes features first before col-

apsing global information in the networks.

2D hidden layer: We use the standard 2D LSTM architecture with

eepholes as described in [16]. Let us briefly summarize the structure

nd operation of this architecture. LSTM subnets in the hidden layer

nternally scan all surrounding contexts, and this process is iterated

long all the image blocks, which contribute to the final decision. All

tates of LSTM (Input (i), Forget ( f ), Cell (c), Output (o) states, and

et-output (h)) are computed iteratively at t = 1 to T (T is the num-

er of block) for all directions D (2dim = 22 = 4: top-left (tl), top-right

tr), bottom-left (bl), and bottom-right (br)). The LSTM model uses
is sent to the network. 2D LSTM hidden layer includes four LSTM subnets with two

n subnet accumulates the information of each direction (left to right, top to bottom,

ith the current pixel. All outputs of LSTM hidden layer (Pr(l|bt), t = {1 . . . T}, T is the

for each image (Pr(l|Ii) for the ith image).
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1 http://images.google.com.
he standard equations [16]

t = f1

(
Wi · at +

∑
d

(
Hd

i · hd
t−1+Cd

i · cd
t−1

)
+bi

)
[Input]

f d′
t = f1

(
Wf · at +

∑
d

(
Hd

f
· hd

t−1

)
+Cd′

f
· cd′

t−1+bd′
f

)
[Forget]

t̃ = f2

(
Wc̃t

· at +
∑

d

(
Hd

c̃t
· hd

t−1

)
+bc̃t

)
t =

∑
d

(
f d
t � cd

t−1

)
+it � c̃t [Cell]

t = f1

(
Wo · at +

∑
d

(
Hd

o · hd
t−1

)
+Co · ct + bo

)
[Output]

t = ot � f2(ct ) [Net-output]

t =Wy · ht + by

here W, H, and C terms denote weight matrices for input to gates,

ecurrent connections, and cell to gates, respectively. d indicates the

ecurrent connections to x and y axes, i.e., d′ ∈ d = {x, y}. f1 and f2

re the logistic sigmoid and hyperbolic tangent activation function,

espectively. (�) is the element-wise product and (·) is matrix multi-

lication. At the end, yt, the output activation vector at t is obtained

nd sent to the collapse layer.

Collapse layer: In order to contribute all blocks to a final predic-

ion of an image, all activations are collapsed and send them to the

utput layer. The operation is simply the sum over all the inputs and

irections, i.e., M = ∑
d={tl,tr,bl,br}

∑T
t=1 yr

t where yr
t is the final activa-

ion at block t and direction r, and M is the collapsed activation.

Output layer: Finally, M is fed to a Softmax layer, which will out-

ut the class probabilities for image i: Pr(l|Ii) = Softmax(M).

.2. Mid-level attribute learning

Training: an LSTM network model takes mid-level attribute im-

ges containing a single attribute per-image (like sky, ocean, or build-

ng; shown in Fig. 1, left).

In order to increase the number of training samples, we aug-

ented the training data with rotated, scaled, and shifted version of

he input as follows. First, randomly sized patches are selected in a

andom position. They are then rotated and scaled-up or down into

he size of n × n. This process is repeated multiple times for each

mage. It allows us to generate randomly scaled and rotated as well

s the same sized patches which can be easily applied to the network

ithout prior knowledge of the image resolution and condition. Thus,

e show that our model can capture the variation of each attribute

nder limited number of training samples and keep the input dimen-

ion constant to retain one optimal model for different data.

.3. Visual attribute classification

After training, models are first evaluated on single-attribute im-

ge similar to the training data (Experiment 1; Fig. 1, left). During

he training phase, a number of patches are randomly extracted from

single image and passed through the network. The networks are

xpected to output conditional probabilities of all labels given each

atch j: Pr (label | patchj). They are then integrated into one attribute

abel. Due to the way data is generated, images contain irrelevant

noise, clutter, or watermark) and mislabeled regions. We use the fol-

owing smoothing process to correct this. The score of each label is

rst averaged by the number of patches then the best label is deter-

ined, such that the averaged score is high. Its equation is as follows:

rg max
label

1

# patches

# patches∑
j=1

Pr (label | patch j) (1)
o evaluate the performance, per-image accuracy is measured using

he integrated score outlined above:

ccper-image = 1

N

N∑
i=1

⎧⎨⎩1 arg maxl

1

n

n∑
j=1

Pr (l | pj) = lt ,

0 otherwise

here n is the number of patches per image and N is the number of

mages. l and p indicate the label and patch, and lt is the true label of

he image.

.4. Natural scene analysis

Although training was performed on specially constructed and

ugmented data, we use natural images containing a mix of mid-level

eatures (Experiment 2; Fig. 1, right) obtained from the web-searches

or testing and evaluation. Like for the visual attribute classification

ask, multi-patch inputs are sent to the network model, and each

atch is classified according to the mid-level attribute it belongs to.

he natural images obtained from the web-searches contain a wide

ange of scales, resolutions, rotation, and clutter. The following exper-

ments are intended to demonstrate that our method works on such

mages and can directly applicable to more realistic applications. To

chieve scene analysis of these complex natural images, we need ad-

itional mechanisms to apply the model trains in the previous sec-

ion to images containing multiple mid-level attributes. The two pri-

ary methods for this are: probabilistic patch pruning and top-k rank

runing.

Probabilistic patch pruning: The random multi-patches may

ontain noise or unrelated contents (such as a logo, watermark, or

mbiguous attribute texture). We first prune these patches to avoid

onfusion on the final decision. This pruning rule is based on the pos-

erior class probability Pr (l | p) of the label l given the patch p and the

hreshold Tp: maxl Pr (l | p) > Tp (0 < Tp ≤ 1).

Top-k rank pruning: The basic idea is that the highly probable

isual patterns, which tend to recur frequently are the main seman-

ic regions of the scene. For the remaining patches after probabilis-

ic patch pruning, the ranking score is computed from the output

ntegration (Eq. (1)), and the potential attributes are then ranked

ased on their ranking score. Since the number of semantic regions

the number of k) is uncertain, we cannot easily define an optimal

. To handle this problem, top-k ranked list passes the threshold Tr:
1
S

∑S
s=1 Pr (l | ps) > Tr (0 < Tr ≤ 1), S > Np, where S is the num-

er of patches with a corresponding label after the patch pruning.

he label is also rejected if the final number of patches of the label is

ess than the integer value Np. Thus, it prunes unreliable class labels

rom a statistical observation (the frequencies of the highly probable

atches of the label) on the image.

. Experiments

.1. Web-image dataset

We used Google’s image search1 for collecting both the attribute

nd the scene images. For these experiments, we chose twelve com-

on mid-level categories, some frequent and generic in outdoor

cenes (building, flower, forest, grass, snow, ocean, sand, sky, and

ravel), and narrow (stucco candy, and meat). When constructing

ur dataset, we aim to achieve the following properties: (1) plenty

f diverse samples are created, (2) the uncontrolled raw web-data

ontaining noise and errors are directly applied without manual an-

otation or pre-selection, (3) randomly collected scene images (un-

een and unknown data) represent the real-world data and the un-

erstanding of them is only by the visual attribute information, and

http://images.google.com
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Fig. 3. The difficulties of web-image dataset. The images contain errors (wrong labels) or noise (logos, watermark, or irrelevant objects).
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2 http://sourceforge.net/projects/rnnl/.
(4) web-images retrieved from a web image search are used directly

for tagging, which show the more realistic scenario.

Attribute data: Ideal training data for our task would consist of

manually segmented and labeled natural images, as for example,

found in the databases from [13,39]. However, little training data of

that form is available. Therefore, we created training data by the web-

search querying the attribute’s texture (e.g., sky texture). We per-

formed no manual correction of validation, and the training data con-

tains label noise and other artifacts (see Fig. 3). In the experiments,

we show that the LSTM networks are able to train on such noisy data,

can be immediately applicable on the web. Around 600 attribute im-

ages per class were generated and were split by assigning 60% to the

training set, 10% to the validation set, and 30% to the test set.

Scene data: Natural scene images contain a mix of mid-level at-

tributes. We randomly collected the images from the web-search, and

the only data cleaning we performed was to discard duplicated im-

ages in the results. This means that for each category, a wide range

of representations of that category may occur. For example, we ob-

served images that represented the category “stucco” as a building or

a person applying the stucco on a building. In addition, web-images

contain watermarks or logos or low-resolution image which were in-

cluded in our scene data. Finally, 540 scene images with multiple

classes in each image were used for estimating scene attributes.

3.2. Experimental setup

We perform two separate experiments to evaluate and compare

the performance of our approach. The first experiment evaluates the

quality of mid-level attribute learning using the single attribute data.

The second part considers a more realistic scenario; The attribute re-

gions in a scene image are analyzed using the learned model, and the

best tags are extracted using the pruning rules.

For training, 200 patches from an input image were randomly

sampled with the size between 50 × 50 and 80 × 80. The constant

number of patches on the different image resolution are used to show

the robustness of the multi-patch based approach under the variety

of image resolutions. The patch was then rotated at angles of 0°–360°
and rescaled to 64 × 64. Both scale and rotation are with 1 pixel or

1° level increment.

For testing on scene images, 200 patches were contributed for fi-

nal top-k prediction, and the threshold of the pruning rules, Tp, Tr,

and Np were selected empirically to 0.6, 0.4, and 10, respectively. We

kept the same parameters for all experiments below.

Pre-training on ImageNet for the network initialization is often

effective [12], but in these experiments, it was not used for either

LSTM networks or ConvNets.
LSTM networks: For LSTM network training, we used the RNNLIB

ibrary.2 For all experiments, the size of input block, hidden size, and

earning rate were fixed in 5, 15, 1e−4, respectively.

Baseline experiments: We compare our performance to the var-

ous existing approaches: feature-based and filter based methods.

ollowing a standard dense-SIFT and PHOW feature (a variant of

ense-SIFT descriptors, extracted at multiple scales) [5], multiple en-

oding schemes, including bag-of-visual-words (BoVW) and Fisher

ector (FV) [31,34], were compared. We extracted the dense feature

n each 3 steps, discretized them with k-means and Kd-tree (BoVW)

r Gaussian mixture model (FV) vector quantization after PCA projec-

ion, and accumulated words into histograms with spatial pyramid

ncoding. 80 dimensions, 1024 words and 64 words were used for

CA, BoVW, and FV, respectively. The open library called VLFeat [37]

as been used for all feature extraction and classification methods.

For the comparison with filter-based approaches, we used the

est low-level features reported in [3]: co-occurrence and Gabor

ith color chromatic features [1,3,9]. Eight co-occurrence matri-

es corresponding to one-pixel displacements along the following

ight directions: {0◦, 45◦, . . . , 315◦}. Five statistical features (contrast,

orrelation, energy, entropy, and homogeneity) were extracted in

ach direction, and averaged for rotation invariance. These features

ere normalized between 0 and 1. For Gabor filter, a bank of filters

ith the following parameters was used in the experiment: num-

er of frequencies = 4, number of orientations = 6, maximum fre-

uency = 0.327, frequency ratio = half-octave. All parameters were

et based on the work from [3]. All features were extracted in HSV

olor space and SVM with Chi Squared kernel of period 2 was used as

classifier. All above parameters were optimized empirically.

Convolutional Neural Networks (ConvNet): Convolutional neu-

al networks were implemented using the Caffe library [18]. Hyper

arameter search was carried out based on the work of Krizhevsky

22]. The optimal structure identified by this process was five con-

olutional and two fully-connected layers with half the size of di-

ensions of Krizhevsky’s network architecture. We also observed

hat using fewer than five layers resulted in significant decreases in

ecognition performance, e.g., 95.79% with five convolutional and two

ully-connected layers, and 90.09% with four convolutional and one

ully-connected layers.

.3. Results

The accuracy comparisons of all experiments (visual attribute

lassification and scene analysis) are summarized in Table 1.

http://sourceforge.net/projects/rnnl/
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Table 1

Accuracy comparisons of all experiments (the best score shown in bold). In order to compare the performance,

all of our experiments have been following the same experimental setup. Visual attribute classification (single

attribute classification): The best accuracy of our approach lead to superior performance compared to other

common approaches. (No. test samples = 2352, 95% confidence interval = ±0.20). Natural scene analysis: multi-

attribute classification; since we cannot directly make one decision of a classifier for scene analysis (multiple

visual attributes), top-k ranked list was used to decide the high probable visual attribute classes of a scene.

The visual attributes were listed based on its ranking score in descending order, and top-3 and top-5 accuracies

were considered to compare the performance of our approach with other methods (no. test samples = 540, 95%

confidence interval = ±0.42).

Method Visual attribute Scene analysis # weights for NNs

accuracy (%) Top-1 (%) Top-3 (%) Top-5 (%)

C-PHOW-BoVW, SVM [5] 59.86 8.56 31.91 48.84 –

C-PHOW-FV, SVM [34] 68.28 8.38 35.12 53.30 –

C-DSIFT-FV, SVM 72.66 9.09 32.98 50.62 –

C-Gabor, SVM [3] 62.12 42.34 70.88 81.03 –

C-Co-occurrence, SVM [3] 75.21 46.17 74.52 82.38 –

ConvNet [22] 95.79 56.81 79.85 90.21 38,802,300

LSTM networks 97.32 71.43 84.23 94.25 100,272

C-: HSV color space

Fig. 4. Confusion table with top-1 predicted semantic attribute on scene images. The

column is the top-1 predicted semantic attribute and the row is the ground truth label

(labels from top to bottom (column) and left to right (row): building (Bu), candy (Ca),

meat (Me), flower (Fl), forest (Fo), grass (Gr), snow (Sn), ocean (Oc), sand (Sa), sky (Sk),

gravel (Ga), stucco (St)).
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Visual attribute classification: The performance shows that our

pproach outperforms on complex attribute data. As pointed out by

ikolajczyk and Schmid [28], many popular methods were limited

o the specific types of texture features. For instance, PHOW-BoW

erformed well only on repetitive-textures and some structured-

extures (e.g., gravel and building). In addition, Co-occurrence or

abor feature discriminates well on limited color-texture image

atasets [3], but suffers from various attribute types and its diversity.

specially with low-textured categories, whichever feature detector

r descriptor was chosen, it failed in providing sufficient evidence

f textural information. However, the results from the 2D LSTM net-

orks looked promising under various attribute types (including the

ow-textured attribute) and transformations (including huge distor-

ions) without hand designed features.

Automatic web-image tagging: We examined the quality of

cene analysis with top-k ranked list. It predicts the top-k most rel-

vant attributes — k is the maximum attributes (tags) in the scene

o be predicted, and the ranking score indicates the highly probable

ttributes. The confusion table (k as one) is shown in Fig. 4; The ma-
or portion of keywords was predicted as top-1. Our scene image in-

ludes multiple attributes and the major portion is not always the

eyword — the weakness of the web image search engine. There-

ore, a considerable number of images in each class were predicted as

ky, and it shows that our system can potentially improve the image

earch engine. Especially, stucco was predicted as building in some

mages, since stucco could be a part of the building depending on

cale. In the case of stucco, which is the part of a building, building-

ike images were retrieved from the query stucco, but our top-1 re-

ults predicted them as building (see the last middle column in Fig. 5;

eyword: stucco, tagging result: building, sky, and gravel).

The LSTM networks outperformed all other approaches. From our

bservation, around one to five semantic classes are contained in a

cene image (mostly up to three). Therefore, top-5 list is most likely

ble to provide all semantic parts. For performance evaluation, we

ested with top-1, top-3, and top-5 results to compare with its key-

ord (the keyword was considered as a ground-truth label). In addi-

ion, we presented multi-tagging results of each image. Fig. 5 shows

xamples of multi-tagging results, which were correctly predicted by

sing their associated top-ranked list.

.4. Experiments on outdoor scene attributes dataset

We also evaluated our approach on the public scene dataset (Sce-

eAtt) proposed by Wang et al. [39]. We selected this dataset since

his study is the most similar to our work. As reported in [39], most

f the public scene datasets focused on the specific objects, humans

r the functional activities, in contrast, our goal is to analyze the all

isible contents of the scene. Furthermore, this dataset contains pre-

ise text descriptions with weak labels (not precise) which make the

xperiment more complex and realistic.

The dataset was collected from LMO [26], SUN attribute dataset

30], Google images, and Flickr. It consists of 1226 images of 256 ×
56 pixels and 30 noun + adjective attribute pairs. The dataset was

plit into 645 images for training and the rest for testing. ConvNet

nd the LSTM networks were trained on 635 training images with

he same parameter setting as our web-scene image analysis. Note

hat, we did not use the same model as the previous experiments.

his experiment was intended as a harder test case because of more

ttributes, different descriptions, and small training samples. Thus, a

ew LSTM model was trained and evaluated using the same training

nd test data as Wang’s work [39].

The mean average precision (MAP) is reported in Table 2. We com-

ared the methods reported by Wang et al. [39] and our trained

odel using ConvNet and the LSTM networks. The best method [39],

ST-att learns the spatial layout and attribute association by scene’s
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Keyword Image
Tagging
Result

Keyword Image
Tagging
Result

Keyword Image
Tagging
Result

building
sky,

building,
ocean

building
building,

sky
grass sky, grass

sky sky sky ocean, sky sand sky, sand

snow sky, snow candy candy candy candy

ocean
sky, sand,

ocean
ocean sky, ocean ocean ocean, sky

forest
forest, sky,

grass
forest forest, sky forest

forest,
grass, sky

ocean sky, ocean stucco
building,

sky, gravel
stucco stucco

Fig. 5. The results of automatic web-image tagging. The left side of each image indicates the keyword of image, and the right side of the image shows our tagging results. Top-3

after the patch pruning was resulted as tags of each image (the order of the list shows higher rank). As can be seen from tagging result, relevant attributes were well-detected in

each scene. The system can even improve the retrieval system. For instance, the wrongly retrieved image from a web-search engine (e.g., the left bottom image — keywords: stucco,

correct semantic attributes: building, sky) can be corrected by our tagging system.

Table 2

The comparison of Mean Average Precision

(mAP) on SceneAtt dataset.

Method MAP (%)

eKernel + SVM [41] 64.48

BoW + SPM [24] 53.11

HST − geo [40] 51.67

HST − att [39] 67.58

ConvNet [22] 63.24

LSTM networks 88.59
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appearance model. It then finds the most probable parse tree of the

adjective and noun description. To train ConvNet, the same architec-

ture as in the previous experiments was used without pre-training.

Using the simple LSTM networks, MAP reached about 21% higher than

HST-att and 25% higher than ConvNet. The performance of ConvNet

can further be improved by using the pre-trained model on ImageNet

as mentioned in Section 3.2, since the training data is scarce.

4. Conclusion

Our experimental results show that neural network approaches

work well for mid-level attribute recognition compared to non-

neural network methods, and that among neural networks, 2D LSTM

approaches outperform deep convolutional neural networks. Our ap-

proach performs end-to-end mid-level attributes learning using 2D

LSTM recurrent networks. The network is shallow and requires fewer

parameters compared to many deep learning approaches. Moreover,

the networks take raw RGB values without any task-specific features

and pre-/post-processing from noisy data and can adapt well to a full

range of situations in natural images. Thus, the learned attributes

model was successfully applied to the two different types of image

data: single attribute and natural scene data — randomly collected

from the web. We compared the performance with feature-based and
lter-based methods as well as ConvNet, and showed the robustness

f our approach under complex natural scene images. We further

valuated our approach on a publicly available dataset (outdoor scene

ttribute dataset) and showed the significant performance gain. We

t the end demonstrated the feasibility of a real-world application:

utomatic web-image tagging.

These experiments show the effectiveness and generality of our

pproach; our model can be easily combined with other applications,

.g., visual classification, segmentation (for object or scene), or scene

arsing. Another possible direction can be to improve the quality of

he image search by re-ranking the images, since our scene analysis

ystem has resulted in better visually intuitive tags of scenes than

he results of the image search engine. As shown in Fig. 5, the native

erformance of Google’s image search from the keyword is not always

ccurate and satisfying. Our ranking score and corresponding label

ndicate the importance of the semantics of the scene which can be

irectly employed to improve image search engines.

upplementary material

Supplementary material associated with this article can be found,

n the online version, at 10.1016/j.patrec.2015.06.003.
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