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Abstract—Object recognition, which consists of classification

and detection, has two important attributes for robustness: (1)
Closeness: detection windows should be close to object locations,
and (2) Adaptiveness: object matching should be adaptive to
object variations in classification. It is difficult to satisfy both
attributes by considering classification and detection separately,
thus recent studies combine them based on confidence contextu-
alization and foreground modeling. However, these combinations
neglect feature saliency and object structure, which are important
for recognition. In fact, object recognition originates in the
mechanism of “what” and “where” pathways in human visual
systems, and more importantly, these pathways have feedback to
each other, which provides a probable way to improve closeness
and adaptiveness. Inspired by the feedback, we propose a robust
object recognition framework by designing a computational
model of the feedback mechanism. In the “what” feedback, the
feature saliency from classification is exploited to rectify detection
windows for better closeness; while in the “where” feedback,
object parts from detection are used to model object matching of
object structure for better adaptiveness. Experiments show that
the “what” and “where” feedback can be effective to improve
closeness and adaptiveness for robust object recognition, and
encouraging results are obtained on the challenging PASCAL
VOC 2007 dataset.

I. INTRODUCTION

Object recognition is a fundamental problem in computer
vision. It has two basic tasks: classification and detection,
which aim to identify object category and location. However,
due to large object variations, it is challenging to achieve robust
object recognition. Empirical studies propose two important
attributes for the robustness [1], [2]: (1) Closeness: detection
windows should be as close to object locations as possible
[1], and (2) Adaptiveness: object matching should be adaptive
to objects with large variations in classification [2]. In the
past decade, most studies consider classification and detection
separately [3]–[5], while they are difficult to satisfy both
attributes. Based on some biological evidence which shows
the dependence between them [6], researchers enhance the
robustness by combining them with two primary methods.

The first method is the confidence contextualization, which
concentrates on closeness and rectifies detection windows
by taking the confidence (score) of classification as context
[7], [8]. Harzallah et al. [7] score each detection window
by combining the confidence of both tasks based on each
individual category. Given the fact that other categories provide
co-occurrence context [8], Song et al. [8] use the confidence of
all categories. The second method is the foreground modeling,
which focuses on adaptiveness and exploits foregrounds to
model object matching [2], [9]. Russakovsky et al. [2] divide
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Fig. 1. An illustration of the feedback between visual pathways. (a)
the feedback mechanism in the human visual system. (b) the proposed
computational model of the feedback mechanism in this paper.

the foreground into rigid object partitions for matching, and
Zhang et al. [9] consider spatial arrangements of local features
in the foreground to overcome object variations. On some
challenging datasets, these two primary methods have achieved
improvements.

However, the previous methods neglect feature saliency
and object structure, which can be important for recognition.
Recently, researchers study object recognition from the mech-
anism of human visual systems [6], which include “what”
and “where” pathways, as shown in Fig.1(a). These pathways
can obtain object category and location in high-level cortical
areas, thus the “what” and “where” pathways have the similar
functionality to classification and detection respectively. More
importantly, Fig.1(a) shows that they have feedback to each
other at the low-level areas, i.e., the “what” and “where” feed-
back, and these two feedback can carry category and location
information to the low-level areas. This feedback mechanism
provides a probable way to discover feature saliency and obtain
object structure [6].

In this paper, we propose a robust object recognition frame-
work by designing a computational model of the feedback
mechianism. Particularly, the bag-of-words (BoW) and the
deformable part model (DPM) [5] are used for classification
and detection. The feedback model is given in Fig.1(b), in
which the low-level represents local features, and the mid-
level denotes the image representation in BoW. Specifically, the
feature saliency is obtained from the “what” feedback to rectify
detection windows. Then, the object parts obtained from the
“where” feedback are used to model object matching of object
structure. Finally, they are processed iteratively to achieve
robust object recognition. Evaluation on the PASCAL VOC
2007 dataset shows that the “what” and “where” feedback
can be effective to improve closeness and adaptiveness, and
encouraging improvements are obtained.
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Fig. 2. An illustration of the computational model of the what and where feedback. The red and green arrows represent the what and where feedback respectively,
and the image is from the PASCAL VOC 2007 dateaset. Best viewed in color.

II. FEEDBACK MODEL

In this section, we elaborate the feedback model for object
recognition. We first give the formulation, and then present the
algorithm of the what and where feedback.

A. Formulation

Given N data pairs {Ii, yi}N
i=1, wherein Ii is the i

th image
and yi ∈ {+1,−1} is the binary label, we formulate object
recognition as an optimization problem [2]:

min
w,b

1
2‖w‖2 + C∑N

i=1 ξi

s.t. yi max
B∈BB(i)

[
wTΨB(w,b) (Ii) + b

] ≥ 1− ξi
ξi ≥ 0 ∀i

, (1)

wherein w is the weight vector and b is the bias term.
ΨB(w,b) (Ii) is the image representation of Ii given the
detection window B, which belongs to a set of candidate
windows BB(i) generated after detection [5]. Particularly,
B(w, b) denotes that B is dependent on classification.

For the optimization of Eq.1, it is non-convex because of
the maximization operation and the unknown image represen-
tation in the constraint. Therefore, we propose an iterative
procedure to solve the problem. w and b are first fixed to
optimize B, then B is fixed to optimize w and b. Finally, these
two steps are processed iteratively to find the solution. For the
optimization of each step, we use the feedback of classification
and detection.

B. Algorithm

For classification and detection, the bag-of-words (BoW)
and deformable part model (DPM) are used. The low-level
in Fig.1(b) represents local features, and we denote X =
{xj |j = 1, ..., |X|} as a set of |X| local features. For the mid-
level, it represents the image representation in BoW [3]. Let V
be a vocabulary with |V | words and φ (xj) be the encoding of
xj on V , then Ψ(X) is the image representation by pooling
φ (xj) on V . Besides, category is represented by w and b, and
location is denoted as B that belongs to BB(i).

1) What Feedback: Based on the fixed w and b, the what
feedback optimizes B, and the basic idea is to exploit feature
saliency. According to Fig.1(b), the what feedback has two
main steps: category to low-level and low-level to location.

The first step goes from category to low-level. Based on
the maximization in Eq.1, it can be transformed into

max
B∈BB(i)

(
wTΨB(w,b) (Ii) + b

)
= max

X

(
wTΨ(X) + b

) , (2)

in which ΨB(w,b) (Ii) becomes Ψ(X) because in each it-
eration, Ψ(X) uses B(w, b) from the previous iteration.
Maximum pooling is used to construct Ψ(X) [11], and Ψ(X)
preserves the maximum encoding of all the local features on
each visual word. Thus, Eq.2 can be further transformed into∑|V |

v=1
max
xj

wTφ(xj) + b, (3)

wherein
∑|V |

v=1maxxj

wTφ (xj) operates on each word sepa-

rately to find a set of features xj with the maximum scores
wTφ(xj). According to the studies on saliency [6], the features
maximizing Eq.3 are salient for objects, and they are denoted
as XS , which satisfies XS ⊂ X . Fig.2 illustrates this feedback,
in which the salient features (yellow dots) mainly locate on the
object.

Based on XS , the second step goes from low-level to
location and finds the best detection window B∗. Assume
P object parts are used in DPM, the saliency distribution
SB (XS) for each window B is constructed as follows:(

Kp

Hp ×Wp
,
Kp

K
,
(μx)p
W

,
(μy)p
H

)
, ∀p = 0, 1, ..., P, (4)

in which H and W are the height and width of the image, and
K is the number of the salient features with the highest scores
(wTφ(xj)) in the image. Similarly, Kp is the number in each
window (p = 0) or part (p = 1, ..., P ), Hp and Wp are the
corresponding height and width, while (μx)p and (μy)p are
the location expectations of these salient features. Therefore,
the saliency distribution describes the density and location of
saliency in each detection window, and it is constructed for all
candidate windows in BB(i). Then, a linear SVM is trained
with SB (XS) to update their confidence, and the one with the
highest confidence is considered as the best window B∗. Fig.2
illustrates this feedback, in which the detection window (red
rectangle) is rectified correctly.

2) Where Feedback: Based on the fixed B∗, the where
feedback optimizes w and b . The basic idea is to obtain object
structure for object matching. According to Fig.1(b), the where
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feedback has two main steps: location to low-level and low-
level to category.

The foreground has to be determined at first. Based on the
optimized window B∗, we denote the image region in B∗ as
the foreground and the features in the foreground as foreground
features XF , which satisfies XF ⊂ X . Fig.2 illustrates these
features (yellow area), which are densely distributed in the
foreground.

Based on XF , the second step optimizes w and b. In DPM,
each detection window is associated with some object parts,
as the green rectangles shown in Fig.2. The basic idea is to
consider these parts as object structure and construct object
representation based on them. Assume B∗ has P object parts,
then XF is organized into P subsets Xp

F , ∀p = 1, ..., P .
The object representation ΨO (XF ) based on XF is given as
follows:

ΨO (XF ) =
[
Ψ(XF ) ,Ψ

(
X1F

)
, ...,Ψ

(
XP

F

)]
, (5)

in which Ψ(XF ) and Ψ(XF
p) are the representation on the

detection window and object parts respectively. Fig.2 illustrates
this step, in which the object matching can be adaptive to
objects because the object structure can be robust to object
variations.

Many studies show that context can also improve discrim-
ination [2], thus we use the spatial pyramid matching (SPM)
[4] based on X . Similarly, PS rigid partitions are used in SPM,
then X is organized into PS subsets Xp, ∀p = 1, ..., PS . We
give the context representation ΨC (X) based on X as follows:

ΨC (X) =
[
Ψ

(
X1S

)
, ...,Ψ

(
XPS

S

)]
. (6)

Then, we combine the object representation ΨO (XF ) and the
context representation ΨC (X) to construct the final image
representation Ψ(X):

Ψ(X) = [ΨO (XF ) ,ΨC (X)] . (7)

Finally, based on Eq.1,w and b are updated for a new iteration.
Fig.2 shows this feedback, in which the object and context are
combined to enhance classification.

III. EXPERIMENTS AND RESULTS

A. Detailed Settings

Datasets and Evaluation: We evaluate the feedback model
on the PASCAL VOC 2007 dataset. In training, the liblinear
SVM is trained, and the penalty coefficient is determined
by cross-validation. Besides, the Average Precision (AP) and
Mean AP (mAP) are reported.

Object Classification: Firstly, SIFT features are densely
extracted by every 4 pixels under 3 scales. Then, based on
the vocabulary size of 32k and SPM with 1 × 1, 2 × 2 and
3 × 1, local-constrained linear coding (LLC) [3] is combined
with maximum pooling for BoW representation.

Object Detection: The HoG features are densely extracted
at first, then all the root and part filters are applied to score
each window. Finally, candidate windows BB(i) are obtained.
Specifically, the number of the object parts (P ) and mixtures
are set to be 8 and 6, and the voc-release 5.0 code is used.

Iteration #0 Iteration #1 Iteration #2 Iteration #3Ground Truth

Fig. 3. Some examples of the iterative feedback. Line 1: large object in normal
background. Line 2: small object in complex background. Line 3: occluded
object in complex background.

B. Main Results

1) Iterative Performance: Fig.4 shows the classification
and detection performance in each iteration. It is observed
that the feedback model can improve both tasks consistently,
and the improvement is quite large at the beginning, while
it becomes narrower as the iteration increases, e.g., more than
1.5% at iteration #1 and decreases to 0.1% at #4. The reason
may be that the feedback can largely rectify detection windows
and matching at the beginning, and the subsequent iterations
will gradually optimize this rectification. Some examples of the
iterative feedback in different conditions are shown in Fig.3, in
which the detection windows and object matching are rectified
for better closeness and adaptiveness.
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Fig. 4. The iterative performance of object classification and detection by
the feedback model on the PASCAL VOC 2007 dataset.

2) Detection Evaluation: Table.I shows the detection per-
formance of the feedback model and some related methods.
The feedback model achieves the mAP of 36.2, which is the
best among all the methods and also obtains the best AP on
six object categories such as boat, car and person. Particularly,
compared with the methods using multiple features [8], [15],
the feedback model with the single SIFT features can be com-
petitive. Finally, Fig.5 shows some examples of the detection
windows rectified by the feedback model (yellow rectangles)
based on DPM (red rectangles), and the feedback model can
rectify detection windows to cover most part of the objects
around the true locations.

3) Classification Evaluation: Table.II shows the compar-
ison between the feedback model and some related methods.
The feedback model achieves the highest mAP of 62.9, and
obtains the best AP on 10 categories. Similar to detection,
the feedback model with the single SIFT features can be
comparable to the methods with multiple features, which
shows the effectiveness of the feedback model and the potential
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TABLE I. THE COMPARISON OF DETECTION PERFORMANCE BETWEEN THE FEEDBACK MODEL AND RELATED STUDIES ON PASCAL VOC 2007.

Methods plane bike bird boat bottle bus car cat chair cow table dog horse motor person plant sheep sofa train tv mAP

Layout [12] 28.8 56.2 3.2 14.2 29.4 38.7 48.7 12.4 16.0 17.7 24.0 11.7 45.0 39.4 35.5 15.2 16.1 20.1 34.2 35.4 27.1
INRIA-2009 [7] 35.1 45.6 10.9 12.0 23.2 42.1 50.9 19.0 18.0 31.5 17.2 17.6 49.6 43.1 21.0 18.9 27.3 24.7 29. 39.7 28.9
Hierarchy [13] 29.4 55.8 9.4 14.3 28.6 44.0 51.3 21.3 20.0 19.3 25.2 12.5 50.4 38.4 36.6 15.1 19.7 25.1 36.8 39.3 29.6
MKL [14] 37.6 47.8 15.3 15.3 21.9 20.7 50.6 30.0 17.3 33.0 22.5 21.5 51.2 45.5 23.3 12.4 23.9 28.5 45.3 48.5 32.1
DPM [5] 33.2 60.3 10.2 16.1 27.3 54.3 58.2 23.0 20.0 24.1 26.7 12.7 58.1 48.2 43.2 12.0 21.1 36.1 46.0 43.5 33.7

HOG-LBP [15] 36.7 59.8 11.8 17.5 26.3 49.8 58.2 24.0 22.9 27.0 24.3 15.2 58.2 49.2 44.6 13.5 21.4 34.9 47.5 42.3 34.3
Sparse Codes [16] 32.2 58.3 11.5 16.3 30.6 49.9 54.8 23.5 21.5 27.7 34.0 13.7 58.1 51.6 39.9 12.4 23.5 34.4 47.4 45.2 34.3
And-or Tree [17] 35.3 60.2 11.0 16.6 29.5 53.0 57.1 23.0 22.9 27.7 28.6 13.1 58.9 49.9 41.4 16.0 22.4 37.2 48.5 42.4 34.7

Shared Structure [18] 32.5 60.1 11.1 16.0 31.0 50.9 59.0 26.1 21.2 26.5 25.4 16.4 61.7 48.3 42.2 16.1 28.2 30.1 44.6 46.3 34.7
Color Attribute [19] 34.5 61.1 11.5 19.0 22.2 46.5 58.9 24.7 21.7 25.1 27.1 13.0 59.7 51.6 44.0 19.2 24.4 33.1 48.4 49.7 34.8
DPM+Context [5] 36.6 62.2 12.1 17.6 28.7 54.6 60.4 25.5 21.1 25.6 26.6 14.6 60.9 50.7 44.7 14.3 21.5 38.2 49.3 43.6 35.4

Feedback Model 35.1 60.9 14.8 20.6 29.4 51.4 60.5 26.9 23.0 29.2 27.1 17.1 61.7 51.7 46.2 16.1 22.2 37.1 48.2 44.8 36.2

TABLE II. THE COMPARISON OF CLASSIFICATION PERFORMANCE BETWEEN THE FEEDBACK MODEL AND RELATED STUDIES ON PASCAL VOC 2007.

Methods aero bike bird boat bottle bus car cat chair cow table dog horse motor person plant sheep sofa train tv mAP

Object+Context [20] 80.2 61.0 49.8 69.6 21.0 66.8 80.7 51.1 51.4 35.9 62.0 38.6 69.0 61.4 84.6 28.7 53.5 61.9 81.7 59.5 58.4
2007 Winner [21] 77.5 63.6 56.1 71.9 33.1 60.6 78.0 58.8 53.5 42.6 54.9 45.8 77.5 64.0 85.9 36.3 44.7 50.6 79.2 53.2 59.4
LLC+SPM [4] 73.7 65.7 49.9 68.7 28.1 66.2 78.4 60.4 55.9 49.4 52.6 45.5 77.4 68.0 84.3 29.1 46.8 56.3 77.0 53.7 59.4
LLC+OCP [2] 74.7 70.1 52.8 69.0 34.2 67.8 81.3 62.0 56.7 49.9 54.3 47.1 79.2 69.0 85.4 30.1 48.7 58.5 77.4 59.5 61.4
BoF+HOG [22] 75.0 68.3 58.2 69.5 33.3 68.9 80.0 65.8 55.9 50.9 60.6 50.4 77.6 70.6 86.2 31.6 49.6 56.9 78.9 55.5 62.2

Feedback Model 76.9 71.0 54.7 70.4 35.1 68.7 82.3 64.3 57.8 51.7 57.5 48.9 80.1 70.7 86.4 31.6 50.2 59.4 79.4 60.3 62.9

for further enhancement. Fig.3 shows some examples of the
object matching by the feedback model. Though objects vary
a lot in size, location and orientation, object structure can
be adaptive, which validates the effectiveness of the “where”
feedback in improving adaptiveness for classification.

Aeroplane Car Cat Horse Person

Fig. 5. Some rectified detection windows by the feedback model (yellow
rectangles) based on the DPM (red rectangles).

IV. CONCLUSION

In this paper, we have proposed a robust object recognition
framework by designing a computational model of the visual
pathway feedback between classification and detection. In the
feedback model, we discover feature saliency in the what
feedback to enhance detection and exploit the object structure
in the where feedback to enhance classification. Experiments
on the challenging PASCAL VOC 2007 dataset demonstrate
that the what and where feedback can effectively rectify
detection windows and give robust object matching. As a
result, better closeness and adaptiveness are achieved for robust
object recognition, and encouraging improvements have been
obtained. In the future, we will extend the feedback model to
the multi-label problem.
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