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Abstract

Predicting human occupations in photos has great appli-
cation potentials in intelligent services and systems. How-
ever, using traditional classification methods cannot reli-
ably distinguish different occupations due to the complex
relations between occupations and the low-level image fea-
tures. In this paper, we investigate the human occupation
prediction problem by modeling the appearances of human
clothing as well as surrounding context. The human cloth-
ing, regarding its complex details and variant appearances,
is described via part-based modeling on the automatically
aligned patches of human body parts. The image patches
are represented with semantic-level patterns such as clothes
and haircut styles using methods based on sparse coding
towards informative and noise-tolerant capacities. This de-
scription of human clothing is proved to be more effective
than traditional methods. Different kinds of surrounding
context are also investigated as a complementarity of hu-
man clothing features in the cases that the background in-
formation is available. Experiments are conducted on a
well labeled image database that contains more than 5,000
images from 20 representative occupation categories. The
preliminary study shows the human occupation is reason-
ably predictable using the proposed clothing features and
possible context.

1. Introduction

This paper studies the problem of categorizing human
via their occupations using the visual information of im-
ages. The recognition of human categories like gender and
age [10] [17] has already attracted great interest in com-
puter vision research community due to its wide application
scenarios and commercial potentials. Specifically, on many
social network web sites with photo sharing (e.g., Facebook
and Google Picasa), the shared photos contain rich infor-
mation about the uploaders and the persons they associated
with. Many intelligent services, such as friend, group, news
or product recommendation, can be better provided if de-
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Figure 1. A schematic illustration of the human occupation predic-
tion framework and its potential applications. The context features
part is drawn in dash lines denoting that they are only available in
certain occasions.

tailed attributes of these persons can be automatically rec-
ognized from the photos. While extensive efforts have been
dedicated to human gender and age analysis, in this work
we further explore the human occupation information which
can contribute greatly in analyzing the users’ profile as well
as their social circle and activities. After that, intelligent
recommendation can be provided according to the corre-
sponding person occupation and its related information.

In this paper, we propose to recognize human occupation
via two properties of human-related images, human cloth-
ing and scene contexts. The scheme is shown in Figure 1.

Some efforts have been devoted to preliminary analy-
sis of human clothing such as clothes segmentation [6] and
clothes animation [20]. Chen et al. [5] proposed an And-Or
graph representation of clothes compositions, which models
the clothes composition by a graph of clothes parts and pro-
vides some preliminary results on the recognition of clothes
styles. Gallagher et al. [11] conducted recognition of per-
son identity within family photos via low-level features ex-



tracted from both faces and human bodies which can reli-
ably identify the same clothing of person.

However, previous approaches did not dive into the
recognition of high-level semantic categories of human
such as occupations. The main drawback of traditional
recognition/classification methods for human occupation
prediction is their insufficiency in semantic modeling. Cat-
egory models learned from pixel-level features can only ex-
press some basic features such as shape, color or texture,
and thus can only recognize limited kinds of patterns. On
the other hand, the concept of human occupation is a mix-
ture of different visual semantics with complex grammar.
Therefore, simple modeling of human occupation category
would not be the optimal choice. To further obtain the ab-
stract occupation information, we propose to refine features
of human-related images based on part based human align-
ment as well as the modeling of semantically meaningful
patterns.

Many studies have shown that part-based model [9] [3] is
able to efficiently improve the prediction reliability owning
to its better alignment as well as excellent robustness to oc-
clusion. Semantically meaningful recognition also attracts
much attention for complex categorization problems. Ku-
mar et al. [12] propose a semantic-level description to faces
by modeling hair color, eye clothing, etc., which outper-
forms most previous approaches using low-level features.
The experiments well validate the advantages of semantic-
level modeling.

Inspired by these studies, we proposed a part-based rep-
resentation of human clothing to model possible semanti-
cally meaningful patterns of human dressing parts. Note
that we only concern human upper body (including hat/hair
and faces) due to the fact that the information in the up-
per body area shows better discriminative ability since
lower body areas are frequently occluded and hence non-
informative.

Moreover, it is observed that contexts contain direct in-
dicative information for some occupations. Hence in this
work, we also investigate the context features with respect
to the concerned human in image. The context features
within images are proved to be closely related to the image
theme by the recent study of Zheng et al. [23] and Divvala
et al. [8]. In addition, context features have been well vali-
dated for many tasks, e.g. action recognition in [22].

The main contributions of this paper can be summarized
as follows:

1. To our best knowledge, this is the first attempt to pre-
dict the occupations of humans in images.

2. We propose a novel approach to robustly model the
human clothing. The empirical results show that this
model is useful for the prediction of human categories.

3. We collect and annotate a large image dataset as
benchmark for human occupation prediction which
will be released to encourage further research in this
direction.

2. Occupation Prediction Framework

2.1. Part-based Modeling of Human Appearance
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Figure 2. Exemplar image patches of human key parts extracted
from the occupation dataset.

We propose to use part-based appearance model for hu-
man upper body, and as illustrated in Figure 2 we concern
on four key parts of human upper body located at:

e Head: This part reveals the human haircut or hat dress-
ing. Haircut is a key attribute for human gender recog-
nition, and hat style is also an important cue for many
occupations, such as police and chef.

e Central Upper Body: This part mainly contains hu-
man upper body clothing including collar, button,
color of clothes, etc. Some common dressing styles
such as shirts and overcoats can be reliably modeled
via this part.

e Left and Right Shoulders: These two parts corre-
spond to the arm and shoulder parts of human dress-
ing. These two parts also convey much information of
human clothing such as style of sleeves.

Firstly, We introduce an efficient automatic human de-
tection and key point localization method. The state-of-the-
art face [ 19] and human detection [3] approaches are imple-
mented to accurately locate human while handling the large
variation in head and upper body poses.

Corresponding to these four pre-defined human part
patches, we define four key points of human upper body lo-
cated respectively at the top of head, the connection point of
head and neck, and central point of left and right shoulders.
We manually label the key points on our proposed occupa-
tion dataset and with the well-labeled ground truth we learn
a regression model to infer the four key points using the



coordinates of the detected face and body bounding boxes.
Consequently, automatic localization of the key points can
be achieved after performing face and human detection.

Thereafter centered to these four key points, four image
patches are extracted after proper rotation and scaling and
low-level image descriptors are extracted from the rectified
image patches as representations to the aforementioned hu-
man body parts. We adopt five widely-used image low-level
features as the basic description of human body parts, i.e.,
the Histogram of Oriented Gradient (HOG) [7], Local Bi-
nary Patterns (LBP) [18], color histogram over the CIELAB
color space, and histogram of color/texture gradient [16].
We implement the dense-grid description of these features
for the image patches following the state-of-the-art method
in [13] since it best compromises feature robustness and dis-
criminative ability for images in natural environment. The
sizes of dense grids are set by the image patch size for each
body part.

2.2. Sparse Representation Based Human Occupa-
tion Prediction

In this subsection, we elaborate on the comprehensive
and noise-tolerant descriptors in semantic level for human
occupations. Given the extracted low-level image descrip-
tors, traditional classification methods typically use feature
concatenation or the Bag-of-Words framework to learn dis-
criminative models [11] [13]. However, our proposed oc-
cupation classification problem is for complex categories
and hence cannot fully rely on previous framework due to:
1) low-level image features are only sensitive to pure ap-
pearance discrimination while discarding the semantically
meaningful characteristics for a category; and 2) occupa-
tion categories might be divided hierarchically while certain
categories could share similar patterns of features which
cannot be learned from traditional discriminative learning.
Therefore, it demands modeling via intermediate level pat-
terns for occupation classification.

Therefore, we propose a robust and efficient method to
adaptively learn sample-based patterns as semantic level
representation, where the pattern refers to the low-level de-
scriptors of the human body parts in this problem. Note that
there are five kinds of low-level features for each of the four
human part and thus there are 20 kinds of low-level descrip-
tors for human clothing.

We require to learn specific patterns which are descrip-
tors from a few training samples which can reliably recon-
struct most other samples. This requirement will well guar-
antee the representative capacity of the learned patterns and
hence to be meaningful. Recent research on reconstruc-
tion via sparse coding [14] [21] can provide controllable
reconstruction basis size while being robust to gross noises.
Based on these studies, we implement the multi-task exten-
sion of sparse coding method. A rough scheme is illustrated

in Figure 3.

For a given image descriptor from the aforementioned
20 descriptors, we formulate the so-called multi-task
sparse coding [21] to learn the intermediate level pat-
tern dictionary. Denote X = [x1,X2,..,Xy] and V =
[V1,Va, ..., VK| as the training set and validation set respec-
tively, where x; and v; are the feature vectors extracted
from the part instance in the ¢-th training sample and the
j-th validation sample respectively. We consider the simul-
taneous reconstruction of all validation V using X as the
so-called multi-task and a few intermediate level patterns
are learned within X which demands the sparsity.

More specifically, each of the tasks refers to the recon-
struction of one validation datum, namely,

Vk:Xﬁk,k:172a"'aKa 9]

while [31, Bs, ..., Bx] = B is the reconstruction coefficient
matrix.

For all these K reconstructions, only a few common
training samples in X are expected to be selected, which
implies that many rows in B are zeros. Therefore the mathe-
matical formulation of multi-task sparse coding can be writ-
ten as,
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where B, denotes the jth row vector of the matrix B. The
multi-task sparsity is then guaranteed by the ¢5 ;-norm con-
straint of Z;]:l IB,ll2 [21]. The parameter A is empirically
set to be 1e — 3 in this work and the sparseness of B is thus
around 0.1 — 0.2, i.e. about 10% to 20% entries of B are
non-zeros.

Eqgn. (2) can be solved by an iterative updating rule as
shown in [21]:

A
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where Sj = [sj1, Sj2, ...8;k] and sj, = XJT(vk - XB.7).
ﬁ;j denotes 3, with the jth element to be zero and the
symbol (c); means max(c,0). Note that this iterative pro-
cedure requires all column feature vectors in X and V to be
normalized.

After obtaining the sparse coefficient matrix B, we can
obtain X}, = [xp,,Xp,,Xp,], Where {b1,ba,...bs} corre-
spond to the indices of the non-zeros rows of B as the in-
termediate level patterns. We can then proceed to repre-
sent all samples (including training, validation and test) by
the learned X, using various approaches. In this paper, to
be consistent with the learning procedure, we adapt tradi-
tional Lasso-based sparse coding [ ] for the representation,
namely,
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Figure 3. Illustration of the semantic level feature extraction for occupation predition
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where (3 is the reconstruction coefficients, and x is a new
part feature vector to be reconstructed. The parameter A
here is empirically set to be 0.02 to obtain similar the
sparseness of 3 with the learned B.

The reconstruction process is repeated for all the 20
aforementioned human clothing descriptors and the pro-
posed occupation descriptor is represented as the concatena-
tion of the reconstruction coefficient 3’s from these image
descriptors.

2.3. Foreground Enhanced Context Features
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Figure 4. An illustration of the context feature extraction process.
The yellow rectangle denote the division of the defined foreground
and background context areas. The blue triangles and red crosses
denote the SIFT key points belonging to background and fore-
ground respectively. For better viewing, please see original color
pdf file.

Apart from the human clothing information, context in-

formation is also critical for recognizing certain occupa-
tions, especially for naturally captured photos. The useful-
ness of context information for occupation prediction can
be intuitively demonstrated via the following cases:

1. Objects that have certain interactions with human can
indicate occupation information, such as an instrument
for a player or a car for a driver.

2. The background of an image may indicate the working
place of the human and this information thus helps to
predict his/her occupation, such as a construction field
for a worker.

Consequently, there are mainly two layers of context
information: foreground context and background context.
The foreground context is associated with the human area,
e.g. object(s) the human is holding, and the background
context contains the environmental information. Since
background context of images is often cropped for human-
related images, we propose to model the context informa-
tion with enhancement to foreground.

We use sparse SIFT [15] features and Bag-of-Words
(BoW) modeling to represent the context layers of an image
as illustrated in Figure 4. Firstly, the image is divided into
the foreground and background layers with a rectangle box.
We locate the box by adding a margin to the detected human
area. Then the SIFT key points are divided into these two
layers according to their locations and two codebooks of
visual words are trained using SIFT descriptors from these
two layers respectively. Then the BoW features of the im-
ages are extracted by projecting the SIFT features onto the
learned two codebooks with higher weights for foreground
visual words.

Note that, in order to keep the completeness of informa-
tion, we do not exclude the information of human clothing
in the construction of context features. Although duplicate
representations with the human clothing features are intro-
duced, it is a reasonable approach to sufficiently model con-
text objects with uncertain positions. Some useful informa-
tion that is considered as noises in human clothing features
may be modeled in the foreground context.

It can be considered that BoW framework is similar to
our proposed semantic-level human clothing feature with
the difference that BoW seeks representative descriptors
in low-level features and hence be faster yet inaccurate.
Considering that context features of image background are
rather complex but only used for assistance to human cloth-
ing features, using BoW features is a good trade-off.



Note that besides the above mentioned features, some
facial features, e.g. gender (most farmers are men) and eth-
nic group, are also useful for occupation prediction. In this
work, we do not use these features because 1) the faces may
be in non-frontal views although the human bodies are con-
strained to be near-frontal in this work as later mentioned,
and 2) gender and ethnic estimation under non-frontal face
setting is still an unsolved problem.

3. Dataset Construction

For this dataset, we aim to collect diverse images with
representative occupations that can well verify the effec-
tiveness of algorithms for occupation prediction via human
dressing and context features. We identified twenty occu-
pation categories from over 200 existing occupations listed
in the Wikipedia. Our criterion is that the occupation cat-
egories should be informative enough for recognition from
photos . Exemplary images of these 20 occupations catego-
rization along with their intuitively useful feature types are
shown in Figure 5.

We collected the images with text queries related to these
20 occupations from two popular image search engines,
Google and Bing. Then three volunteers participated in the
annotation process to 1) delete the noisy or duplicate sam-
ples, and then 2) for those images containing near-frontal
human upper bodies, label the four key points at head, neck,
and shoulders. The final dataset contains 5589 images in to-
tal.

4. Experiments
4.1. Human Clothing Descriptors Comparison

In this subsection, we compare our proposed human
clothing features based on part-based semantic-level mod-
eling with traditional descriptions proposed in [1 1] which
implement similar low-level features from aligned upper
body and face areas. We hence implement [ 1] by directly
extracting the low-level features described in Section 2.1.
Since the feature dimension from the body area is quite
large, we reduce the feature dimension to 2000 with Princi-
pal Component Analysis (PCA) for efficient modeling. To
rule out potential errors caused by automatic human and
face detection, we conduct the experiments directly based
on the manually labeled key points for both methods.

The proposed human clothing features are constructed
following the scheme shown in Figure 3. Finally a sparse
descriptor with dimension 2741 can be obtained via the con-
catenating reconstruction coefficients. To fairly compare
the features, we also perform PCA dimensionality reduc-
tion to reduce the feature dimension to 2000.

We split the occupation dataset into train, validation and
test sets (25% train, 25% validation and 50% test) for the
construction of our proposed clothes features. For features

Table 1. Comparison of prediction accuracy on occupation dataset
from our proposed human clothing descriptors with low-level de-
scriptor proposed in [11].

Prediction Accuracy (%)

Descriptors in [1 1] (Manual) 43.89

Our Descriptors (Manual) 57.14

| Our Descriptors (Automatic) | 52.01

of [11], the train and validation set are both used for train-
ing. The split is fixed to facilitate bag-of-words related ap-
proaches. Otherwise each time the split changes, the dictio-
nary of bag-of-words need to be retrained.

The occupation prediction is performed using the
“one-vs-one” based multi-class Support Vector Machine
(SVM) [4] for the 20 occupation classes. Linear kernel
is used and the margin cost C' is searched for best perfor-
mance. The detailed comparison results in Table 1 shows
that our proposed human clothing descriptors significantly
outperform those proposed in [11].

4.2. Evaluation of Human Key Point Detection

Table 2. Error in  and y coordinates while predicting the positions
for human upper body key points. The error is measures by pixel
after normalizing the human upper body image to size of 128 X128
pixels.

Head Neck | Left shoulder | Right shoulder
x | 5.7601 | 5.4308 6.8293 6.8531
y | 3.8387 | 3.7353 8.4754 8.5629

Figure 6. Comparison of manually labeled (blue circles) and auto-
matically detected (red crosses) positions for the four human body
key points. The shown images are cropped from the original de-
tection results for better illustration. For better viewing, please see
original color pdf file.

We evaluate the automatic human key point detection
procedure from two perspectives: the detection accuracy
and the effectiveness for occupation prediction. Firstly, we
use linear regression model with regularization parameter
A = 1 to train the proposed human key point detection
model on the train and validation set and evaluate the ef-
fectiveness on the test set. The average error of key point
prediction is shown in Table 2. For a 128 x 128 human upper
body image, the predict errors in x and y dimensions do not
exceed 10 pixels. We also show some example predictions
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Figure 5. Some exemplary images from the collected human occupation dataset. The occupation categories are grouped by their indicative
visual clue. The numbers of data of each occupation category are also listed below the occupation name.

of the four key points in Figure 6. These experiments show
that the proposed human key point prediction procedure is
reasonably accurate.

We also conduct the experiments to evaluate how the au-
tomatic prediction of human key points affect the occupa-
tion prediction performance. Firstly, we perform human key
point detection on the test set. Samples which fail in the de-
tection part is directly considered as incorrectly classified
in occupation recognition. Actually, the human detection
is near perfectly accurate on the clear frontal human of our
test set.

We then conduct the experiments by extracting the pro-
posed human clothing features using both detected and
ground-truth key points on the test set and compare their
prediction accuracies based on the previously learnt multi-
class SVM model. The prediction accuracies of these two
methods are shown in Table 1, from which we can conclude
that higher accuracy can be achieved by using manually la-
beled key points, but for the automatic detection based hu-
man clothing descriptors, a performance gain of 8.1% can
still be achieved compared with the descriptors proposed
in[l1].

Since the fully automatic scheme is more practical for
real applications, we thus conduct further experiments
based on the automatically detected key points.

4.3. Evaluate Human Clothing & Context Features

In this subsection we investigate the effectiveness of con-
text information for the prediction of each occupation cat-
egory. When predicting an occupation category, all im-
ages not belonging to this category are regarded as negative
samples. Thus the prediction is implemented by a binary

SVM and prediction confidence of each occupation can
be obtained for the binary classification model. By vary-
ing threshold of prediction confidence, the occupation pre-
diction performance can be measured in Average-Precision
(AP) from the Precision-Recall curve. The detailed results
are shown in Table 3.

From the performance of individual features, we can
observe that for most occupations, the proposed human
clothing features significantly outperform the BoW con-
text features, which proves that human clothing features are
more informative than the BoW context features which are
founded on low-level patterns. Especially, for occupations
that are considered easy to distinguish by clothing (chef, po-
lice, etc), over 50% AP measurements could be achieved by
using only clothing features.

Since context features individually perform poorly for
occupation prediction, we use them as the complementary
information for the clothing features and the performance
of the combined features is also demonstrated in Table 3.
In general, the performances of most occupations are im-
proved after combining context features with clothing fea-
tures, but performance gains from the context features differ
greatly from each other for these 20 occupations. We then
summarize the main observations as follows:

1. For occupations that have obvious clues for predic-
tion in image background or foreground, e.g., “driver”,
“officer”, “educator”, “waiter”, etc., combining back-
ground and foreground context features would im-
prove the APs by about 5% than human clothing fea-
tures only. The improvement shows that the proposed
two context features both contain their respective in-

formation complementary to the human clothing infor-



Table 3. The average precision(%) in predicting 20 occupations via the combination of clothing and context features under one-vs-all
setting. We respectively list the performances of 1) context features only, 2) human clothing features only, 3) the combined features, and
4) the improvement of 3) over 2).

office police
chef doctor judge nurse  worker officer soldier
Context Features 336 193 24.9 24.1 7.5 45.3 9.2
Human Clothing Features|| 77.4 56.8 67.6 49.0 28.9 88.5 49.3
Combined Features 79.7 58.8 68.3 50.2 324 89.7 504
Relative Improvement 23 21 0.7 1.1 3.5 1.2 1.1
fitness instrument pet
barber trainer player lawyer mailman patrolman breeder
Context Features 36 15.6 17.7 34.8 15.1 12.4 11.1
Human Clothing Features|| 12.7 27.8 15.5 60.2 53.8 52.2 15.9
Combined Features 12.7  30.1 20.3 66.2 55.8 529 16.3
Relative Improvement 00 23 4.7 6.0 2.0 0.7 0.5
baby mean
sitter driver educator farmer receptionist waiter/ess| AP
Context Features 1.6 84 11.8 30.7 9.0 45.0 19.0
Human Clothing Features|| 9.4  26.5 20.5 50.9 14.9 66.5 422
Combined Features 9.6 317 272 58.7 18.8 73.4 45.2
Relative Improvement 0.1 52 6.8 7.7 3.8 6.9 3.0
educator .03 .00 .04].14 .09 .06 .10 .03 .01 .01 .01 .01 .03 .00 .01 .01 .01 .00 .00
instrument player .18 .18 .08 .08].02 .08 .12 .06 .02 .00 .00 .02 .00 .04 .00 .02 .02 .06 .02 .02
judge .02 .09 B .07].02 .01 .03 .02 .00 .00 .01 .02 .01 .01 .00 .00 .01 .01 .02 .00
lawyer .00 .07 . .01 .00 .09 .00 .00 .00 .00 .00 .00 .00 .00 .00 .00 .00 .03
fitness trainer .10 .03 .02 .01 .05 .08|.01 .02 .04 .02 .03 .00 .00 .01 .03 .01 .02 .00
nurse .06 .00 .04 .02}.19 .06 .06 .00 .01 .03 .05 .01 .00 .00 .01 .04 .00 .00 .00
receptionist .13 .00 .07 .00].07 . .071.00 .00 .00 .07 .00 .00 .00 .07 .00 .07 .00 .00
waiter/ess .04 .04 .02 .03].05 .04 .03 & .02 .02 . .03 .01 .00 .02 .01 .01 .01 .01
baby sitter .00 .00 .00 .00 .00 .00 .00 .00 .00 . .00 .00 .00 .00 .00 .00 .00 .00
barber .06 .06 .00 .00 .00 .06 .06 .06 |. .25 .00 .00|.00 .06 .00 .06 .00 .13 .00 .06
mailman .00 .00 .02 .00 .03 .02 .02 .03]|. .02 ¥ .03 .03 .00 .02 .00 .00 .00 .05
patrolman .02 .05 .02 .02 .01 .02 .00 .02]. .01 .07 .06 .02 .02 .00 .00 .02 .02
farmer .02 .01 .00 .00 .03 .00 .00 .02 .00 .03 .02 .05 |8 .05 .10 1.01 .01 .00 .02 .02
pet breeder .00 .03 .00 .00 .05 .02 .02 .05 .03 .06 .00 .08|.03 .25 .14 |.06 .06 .03 .03 .06
soldier .00 .00 .08 .00 .00 .08 .00 .00 .00 .00 .00 .00}].00 .00 .00 .00 .00 .00 .00
chef .02 .00 .01 .02 .01 .01 .01 .03 .00 .05 .00 .01 .01 .06 .01 .02 .06 ].03
doctor .00 .00 .00 .00 .04 .03 .01 .01 .01 .01 .00 .00 .03 .01 .00 |.09 [ .09 .04 ].01
office worker .13 .00 .00 .00 .04 .02 .02 .00 .02 .04 .02 .02 .02 .02 .00].00 .07 .02
police officer .00 .01 .00 .01 .01 .00 .00 .01 .00 .00 .01 .01 .00 .02 .01}.02 .02 .01
driver .00 .00 .00 .00 .00 .00 .07 .00 .07 .00 .00 .07 .00 .14 .00 .00 .00 .00 .
Ts M, b5, & £ % Lo, U
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Figure 7. The confusion matrix of the 20-occupation prediction problem. The number of ¢-th row and j-th column denotes the false alarm
rate to i-th class while predicting j-th class.



mation.

2. For the occupations easy to distinguish by human
clothing (chef, police, etc.), adding context informa-
tion would not improve the APs much, which also val-
idate that the human clothing features are generally in-
formative and reliable.

4.4. Confusion Matrix of Occupations

In this subsection, we further study to what extent these
20 occupations can be separated from each other. Hence we
implement again the “one-vs-one” based multi-class SVM
to the currently best performed features, namely the combi-
nation of human clothing features and context features. We
show the confusion matrix of the multi-class classification
of human occupation in Figure 7.

In this confusion matrix, we group the occupations by
Spectral Clustering [2] using the normalized confusion ma-
trix as affinity matrix, and hence occupations which tend to
be misclassified will be clustered to the same group. We
frame these groups in Figure 7. The demonstrated groups
of occupations respectively have certain intuitive character-
istics in common, e.g., “chef” and “doctor” (in similar white
suit), “barber” and “baby sitter” (both interacting with an-
other human), “judge” and “lawyer” (in similar scene).

5. Conclusions and Future Work

In this paper, we investigated for the first time the human
occupation prediction problem. The robust intermediate-
level representations were proposed to model human cloth-
ing information based on the semantic-level descriptions
derived from multi-task sparse coding method. The con-
text features were also modeled to assist human occupation
prediction. Encouraging experiment results were obtained
by combining these two types of features while the pro-
posed human clothing features show reliable performance
regardless of context information. The collected large hu-
man occupation dataset provides a valuable benchmark for
researchers to further study this new topic. Moreover, the
proposed human clothing features are general, and we are
planning to further explore the possibility to 1) utilize these
features for clothing style classification, and 2) recommend
proper clothes to customers by modeling the correlations
between facial features and human clothing features.
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