
PSNet: Perspective-Sensitive Convolutional Network for Object
Detection⋆

Xin Zhanga,b, Yicheng Liuc, Chunlei Huo a,b,∗, Nuo Xua,b, Lingfeng Wangd,a and Chunhong Pana,b

aNational Laboratory of Pattern Recognition, Institute of Automation, Chinese Academy of Sciences, Beijing 100190, China
bSchool of Artificial Intelligence, University of Chinese Academy of Sciences, Beijing 101408, China
cThe Chinese University of Hong Kong, Hongkong 999077, China
dCollege of Information Science and Technology, Beijing University of Chemical Technology, Beijing 100029

A R T I C L E I N F O
Keywords:
Object detection
Perspective-sensitive
Structural neural network

A B S T R A C T
Multi-view object detection is challenging due to the influence of the different view-angles on intra-
class similarity. The uniformed feature representation of traditional detectors couples the object’s
perspective attribute and semantic feature, and the variances of perspective will cause intra-class
differences. In this paper, a robust perspective-sensitive network (PSNet) is proposed to overcome
the above problem. The uniformed feature is replaced by the perspective-specific structural feature,
which makes the network perspective sensitive. Its essence is to learn multiple perspective spaces.
In each perspective space, the semantic feature is decoupled from the perspective attribute and is ro-
bust to perspective variances. Perspective-sensitive RoI pooling and loss function are proposed for
perspective-sensitive learning. Experiments on Pascal3D+ and SpaceNet MOVI show the effective-
ness and superiority of the PSNet.

1. Introduction
Object detection is to locate interested objects followed

by category identification, and it is one of the most impor-
tant topics in computer vision [1]. The milestone of deep
learning-based object detection is the convolutional neural
network (CNN) named R-CNN [2]. Fast R-CNN [3], Faster
R-CNN [4], YOLO [5] and SSD [6] conquered the end-to-
end learning challenges in the one-stage and two-stage ob-
ject detection network. In recent years, researchers have greatly
enhanced the performance of the detector by designing back-
bone networks [7, 8, 9, 10], neck networks [11, 12, 13], and
head networks [14, 15, 16] with strong representation ability.
Especially for the neck network of the detector, some multi-
attribute feature extraction modules and fusion mechanisms
are proposed [17, 18, 19, 20, 21]. These contributions make
the network geometrically invariant and improve the gener-
alization performance.

However, detecting objects of different view-angles is
still challenging since the same object with different poses
appears significantly [22, 23, 24], and this issue is largely
ignored in deep learning-based detectors. As illustrated by
Fig. 1(e), traditional deep-learning-based detectors ignore
view-angle variations, and the intra-class difference caused
by view-angle variation is more significant than the inter-
class difference, i.e., missed alarms and false alarms are chal-
lenging to be tackled. It is worth noting that the feature ex-
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Figure 1: Illustrative comparison of traditional detectors
and the proposed detector in addressing intra-class difference
caused by view-angle variation. (a)-(e) and (f)-(j) are the de-
tection results of Faster R-CNN and PSNet, respectively. The
left half of the figure shows the visualization of feature maps
used for prediction. The features of some background and
foreground objects under different view-angles are projected
into 2D feature space and displayed in (e) and (j). The sym-
bols of different shapes represent varying categories, and sym-
bols of different colors represent varying perspectives, in which
the perspective is represented by azimuth angle (Azi.) and
elevation angle (Ele.). Benefited by the proposed perspective-
sensitive CNN, it can learn better features that have compacted
intra-class representations.

traction network of the traditional detectors is the uniformed-
feature-based network, as shown in Fig. 2 (a). The uniformed-
feature-based network obtains the object-specific features that
couple the semantic attributes and sample attributes (such as
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Figure 2: Compared with the uniformed-feature-based network (a), the structural neural network aims to decouple sample attribute
features and semantic attribute features by explicit cascading (b) or implicit learning (c), so that the obtained semantic attribute
features are robust to the differences of sample attribute features. (b) refers to obtaining features with different attributes (such
as different scales, different receptive fields) through the neural network and cascading these features to obtain the structural
feature. (c) refers to implicitly learning structural features by designing the components of the network ( such as convolution
kernels, pooling layers).

perspective, shape), which means view-angle variations will
lead to a sizeable intra-class difference. In this context, it is
urgent to develop new detectors robust to view-angles.

A perspective-sensitive network (PSNet) is proposed for
detecting objects under different perspectives to address the
above difficulties. The uniformed-feature-based network is
decisively abandoned. A novel perspective-specific struc-
tural network is proposed to obtain the object-specific fea-
tures robust to the perspective. In this paper, the term per-
spective has the same meaning as view-angle if no additional
specifications are added. As shown in Fig. 1(f)-(j), the pro-
posed PSNet can learn better features that have compacted
intra-class representations. Specifically, taking the car class
as an example, as shown by the blue dotted line in Fig. 1
(e), due to the significant difference in the azimuth angles
of the three cars, the variance of intra-class representations
obtained by the uniformed-feature-based network is exten-
sive. However, as shown by the blue dotted line in Fig. 1
(j), after considering the perspective-specific structural fea-
ture learning, the proposed PSNet can obtain better features
compacted intra-class representations. The contributions
of this paper are as follows:

• A novel perspective-sensitive network is proposed to
capture the perspective-specific structural features, i.e.
the features are mapped to the preset multi-perspective
spaces to obtain the object-specific semantic features
decoupled from the view-angle. With the help of the
proposed PSNet, the overall seperabilities of features
are improved since inter-class objects are projected to
different segments, and intra-class objects with differ-
ent view-angles are projected to the same segments.

• Two kinds of inference scenarios are considered, i.e.,
whether the perspective information of each object can
be used in the inference process. Perspective-sensitive
RoI pooling and loss function are proposed to learn the
perspective-specific structural features suitable for the
above two tasks.

• By taking advantage of the perspective-sensitive net-
work and perspective-invariant detector, the proposed
approach achieved state-of-art performances even for
images in complex natural scenes.

2. Related work
2.1. Structural neural network

Structural neural network (SNN) aims to decouple sam-
ple attribute features and semantic attribute features by learn-
ing the semantic features in different sample attribute fea-
ture spaces. As shown in Fig. 2, structural features can be
learned by explicit cascading or implicit learning, and sam-
ple attribute feature spaces {𝐴𝑖}𝑘 are obtained by different
segments of the structural feature.

Explicit cascading refers to delicate multi-attribute fea-
ture learning by the neural network and explicit feature con-
catenating. In PSPNet [25], a pyramid pooling module is
utilized to obtain the features under different pyramid scales,
and features of different levels are concatenated at the finest
level to achieve the global context. In Inside-outside Net [26],
the inside representation of the region of interest (RoI) is ob-
tained by cascading features at different scales, the context
information of RoI is extracted aimed to obtain the outside
representation, and the inside and outside features are con-
catenated to improve the robustness concerning small-size
objects. ASPC-ED [27] proposed the atrous spatial pyramid
module, introducing the atrous convolution with different di-
lation rates to extract the features. The convolution kernel
under each dilation rate has different receptive fields, so the
module can explicitly extract the features of the object with
different receptive fields.

Implicit learning aims at implicitly learning structural
features by the network. This kind of network requires less
calculation when learning attribute feature spaces, but more
effort is needed to design a delicate structural network since
no concatenating procedure is contained. In RFCN [28],
structured features are captured by position-sensitive con-
volution, and structure-specific features are trained implic-
itly driven by the back-propagation strategy. BorderDet [29]
proposed BorderAlign to learn the border-sensitive struc-
tured features. Similar to RFCN, BorderAlign utilized selec-
tive pooling to project the features into the different border
feature subspaces.

PSNet proposes a structural feature learning method based
on implicit learning, which is different from the purpose of
RFCN and BorderDet. RFCN and BorderDet are to perceive
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Figure 3: Architecture of PSNet. Perspective structural feature 1𝑏𝑜𝑙𝑓𝑃𝑆𝐹 are obtained via perspective-sensitive convolution 𝑝𝑠𝑐
on uniformed feature 𝒇𝑈𝐹 . After 𝒇 𝑃𝑆𝐹 passed the perspectives-sensitive RoI pooling layer 𝑝𝑠𝑟𝑝, structural features of region
proposals under 𝐾 view-angles are obtained. After being voted, each RoI feature is used for predicting the category and position
of the region proposal by fully connected layers.

the features related to the location of the objects (e.g., loca-
tion or boundary), while PSNet is a feature representation
network towards perspective-invariance.
2.2. Geometrically invariant detectors

The intra-class distance under different geometric trans-
formations is even higher than inter-class distance, and some
detectors with geometric invariance have been proposed for
this purpose. For instance, SNIP [30], FPN [11] and Trident
Net [31] aim to improve scale invariance by scale normaliza-
tion learning, multi-scale learning, and multi-receptive field
learning, respectively. In RBOX-based detectors [32, 33,
34, 35, 36], rotatable bounding boxes are introduced to ac-
curately capture rotation-invariant features. The PSNet pro-
posed in this paper focuses on the object-specific feature rep-
resentation, which is robust to perspective variance.
2.3. Detectors using perspective information

This kind of detector utilized perspective information for
estimating the pose of objects or assisting 3D object detec-
tion. In [37] and [38], SSD and Faster R-CNN are improved
since the classification or regression tasks are enhanced by
view-angle-related convolution kernels. In monocular 3D
object detection networks [39, 40], 6D poses are learned
through the perspective information (e.g., viewpoints and in-
plane rotation). PointRCNN [41] takes the 3D point clouds
as the input and determines a 3D detection bounding box
by predicting the coordinates of the center point, the size
of the object, and the object orientations 𝜃 from the bird’s
view (i.e., azimuth angle). For the azimuth angle regres-
sion, bin-based regression loss is proposed to predict the bin
center of 𝜃 and then refine it by predicting residual. Meng et
al. [42] proposed a two-stage weakly-supervised framework
for 3D point cloud object detection. The bin-based regres-
sion method is utilized to predict the view angle. Specif-
ically, the perspective interval is divided into 12 bins, and
the classification loss calculates the prediction of view angle.
Shi et al. [43] proposed a three-stage progressive calibra-
tion network to perception the perspective in a coarse-to-fine
manner. In the first two stages, the bin-based perspective
classification method is also used to learn and correct the
object’s perspective. In the third stage, the regression loss is
used to accurately learn the object’s view angle that needs to

be corrected.
PSNet is an implicit learning-based SNN and is differ-

ent from the above methods. Compared with RFCN, PSNet
focuses on learning the perspective-specific structural fea-
tures, making the representation of objects more robust to the
perspective variance. Compared with 3D object detectors,
PSNet considers decoupling the semantic attributes and per-
spective attributes of objects, i.e., PSNet perceives semantic
information of objects in different perspective spaces to im-
prove the 2D detection performance.

3. Our Approach
This paper focuses on improving the robustness of the

detector to the perspective, and various detectors may be
used, e.g. two-stage Faster R-CNN, or multi-stage Cascade
R-CNN [44]. For simplicity, Faster R-CNN is used as an
example.

Similarities between intra-class samples under different
perspectives will be disturbed if perspective-specific struc-
tures are ignored, Furthermore, the rationale of the proposed
approach is to capture perspective-sensitive variation by struc-
tural feature maps, and the structural feature maps can be
learned by the proposed perspective-sensitive convolution,
RoI pooling, and loss function.

The overview of the proposed approach is shown in Fig. 3,
images are passed through the backbone network, and the
initial uniformed feature 𝒇𝑈𝐹 is sent to the region proposal
network (RPN) for obtaining region proposals. Then 𝒇𝑈𝐹are projected into the𝑉 view-angle feature spaces by perspective-
sensitive convolution (PSC) layer 𝑝𝑠𝑐 to obtain the perspec-
tive structural feature𝒇𝑃𝑆𝐹 . After𝒇𝑃𝑆𝐹 passed the perspective-
sensitive RoI pooling layer 𝑝𝑠𝑟𝑝, structural features of re-
gion proposals under 𝑉 view-angles are obtained. Each RoI
structural feature is classified by the voting strategy.

Below, we described the proposed perspective-sensitive
convolution, RoI pooling, and loss function in detail.
3.1. Perspective-sensitive convolution

Inspired by SNN, PSC is proposed to learn the perspective-
specific structural feature, and two following key modules
are needed to this goal, i.e., perspective sampling and struc-
tural feature representation.
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Figure 4: Perspective sampling. (a) Perspectives are approxi-
mated by two perspective parameters, azimuth 𝑎 and elevation
𝑒; (b) Azimuth angles sampling; (c) elevation angels sampling;
(d) perspective intervals.

3.1.1. Perspective sampling
As illustrated by Fig. 4, the perspective of the object is

mainly determined by three parameters: azimuth 𝑎, eleva-
tion 𝑒, and in-plane rotation 𝑝. This paper considers only az-
imuth and elevation since any perspective can be described
by combining the above two parameters. To describe infi-
nite perspective information by limited channels, as shown
in Fig. 4 (b)-(d), we sample the 𝑎 and 𝑒 to 𝑉 perspective
intervals.
3.1.2. Structural feature representation

The perspective structural feature 𝒇𝑃𝑆𝐹 is consist of a
bank of 𝑉 perspective feature blocks with 𝐿 layers corre-
sponding𝑉 perspectives, so the numbers of channels of𝒇𝑃𝑆𝐹is 𝑉 × 𝐿. The setting of these two parameters will be dis-
cussed in the experiment. Each block contains the perspective-
related semantic feature.

𝒇𝑃𝑆𝐹 𝑣 =[Conv(𝒇𝑈𝐹 ∗ 𝑔𝑣,1); Conv(𝒇𝑈𝐹 ∗ 𝑔𝑣,2);
...; Conv(𝒇𝑈𝐹 ∗ 𝑔𝑣,𝐿)] (1)

where 𝒇𝑃𝑆𝐹 𝑣 represents the feature block corresponding to
the 𝑣-th perspective, 𝒇𝑈𝐹 is the initial uniformed feature ex-
tracted by the backbone, 𝑔𝑣,𝑙 is the 𝑙-th 2D convolution ker-
nel with respect to the 𝑣-th perspective. Conv refer to 2D
convolution operations. Bias is omitted here.
3.2. Perspective-sensitive RoI Pooling

To encode perspective information into each RoI feature,
perspective-sensitive RoI pooling 𝑝𝑠𝑟𝑝 is proposed to learn
the perspective feature spaces mentioned above. The per-
spective kernel function 𝜅(⋅) is introduced to selective pool-
ing the input feature map.

In this paper, two kinds of inference scenarios are dis-
cussed: 1) the testing data has the perspective ground-truth
(GT), e.g., the remote sensing images taken by satellite, 2)
the testing data does not have the perspective GT of the ob-
jects, e.g., the image taken by an ordinary camera in the nat-
ural scene. According to the above two cases, 𝜅(⋅) is defined

as follows:

𝜅(𝜃𝑣, 𝜃𝐺𝑇 ) =

{

1, 𝜃𝐺𝑇 𝑖𝑠 𝑁𝑜𝑛𝑒

𝛾𝑒−
‖𝑑(𝜃𝑣,𝜃𝐺𝑇 )‖2

2𝜎2 , 𝑒𝑙𝑠𝑒
(2)

where 𝜃𝐺𝑇 is the ground-truth perspective of each RoI. 𝜃𝑣represents the center of the 𝑣-th perspective interval defined
in Sec. 3.1.1. 𝑑(⋅, ⋅) denotes the geodesic distance. 𝜎 refers
to the standard deviation. 𝛾 is the normalized factor.

Considering the fact that the perspective variable 𝜃𝑣 and
𝜃𝐺𝑇 in Eq. (2) are represented by [azimuth, elevation] ∈ ℝ2,
the perspective difference is measured by the geodetic dis-
tance with respect to azimuth 𝑎𝑖 and elevation 𝑒𝑖 as follows:

𝑑([𝑎1, 𝑒1], [𝑎2, 𝑒2]) = 2 × arcsin({[sin(
𝑒1 − 𝑒2

2
)]2

+cos(𝑒1) × cos(𝑒2) × [sin(
𝑎1 − 𝑎2

2
)]2}

1
2 ) (3)

For convenience, the 𝜎 is assumpted on the unit sphere.
Since 𝑑(𝜃𝑣, 𝜃𝐺𝑇 ) ≥

𝜋
4 , 𝜅(𝜃𝑣, 𝜃𝐺𝑇 ) → 0, according to the 3-𝜎

rule of normal distribution, 𝜎 is set to 𝜋
12 . It can be inferred

from Eq. (2) that when the geodesic distance between the
perspective variable 𝜃𝑣 and the ground-truth perspective 𝜃𝐺𝑇is smaller, the sample value 𝜅(𝜃𝑣, 𝜃𝐺𝑇 ) is larger.

Each RoI rectangle are divided into 𝑠 × 𝑠 bins by a reg-
ular grid. In Faster R-CNN, 𝑠 is set to 7. Inside the (𝑖, 𝑗)-th
bin (0 ≤ 𝑖, 𝑗 ≤ 𝑠 − 1), we define the perspective-sensitive
RoI pooling 𝑝𝑠𝑟𝑝 that pools over the 𝑙-th feature map of 𝑣-th
feature block 𝒇𝑃𝑆𝐹 𝑣:
𝒓𝑙𝑣(𝑖, 𝑗) = 𝜅(𝜃𝑣, 𝜃𝐺𝑇 )×

∑

(𝑥,𝑦)∈𝑏𝑖𝑛(𝑖,𝑗)
𝒇𝑃𝑆𝐹

𝑙
𝑣(𝑥+𝑥0, 𝑦+𝑦0)∕𝑛

(4)
where 𝒓𝑙𝑣(𝑖, 𝑗) is the pooled value in the (𝑖, 𝑗)-th bin, (𝑥0, 𝑦0)is the top-left corner of each bin. 𝑛 is the number of features
in each bin.

Structural RoI features are obtained by pooling 𝑉 fea-
ture blocks 𝒇𝑃𝑆𝐹 𝑣. For each RoI, the pooled feature 𝑅 ∈
ℝ(𝑉 ×𝐿)×𝑠×𝑠. 𝑅 is composed of 𝑉 perspective-sensitive maps
𝒓𝑣 ∈ ℝ𝐿×𝑠×𝑠, 𝑣 = 1, 2, ..., 𝑉 . 𝑉 perspective-sensitive maps
are being voted on RoI:

𝑃𝑆𝑀 =
𝑉
∑

𝑣=1
𝒓𝑣 (5)

Fully connected (fc) layer is used, and 𝑃𝑆𝑀 ∈ ℝ𝐿×𝑠×𝑠

is taken as input for predicting. Noting that the number of
nodes in the fc layer is 2048. The process of perspective-
sensitive RoI pooling is illustrated in Fig. 5.

Selective pooling makes the network perspective sensi-
tive. When the view-angle of RoI is 𝜃𝑣, back-propagation
algorithm selective trains the convolution kernel 𝑔𝑣, i.e., the
𝑣-th perspective feature space. Then the features obtained by
the voting mechanism are robust to the perspective variance.

However, when the test image does not have the per-
spective GT of the objects, that is, 𝜅(𝜃𝑣, 𝜃𝐺𝑇 ) = 1, PS RoI
pooling degenerates into the conventional RoI pooling. The
perspective-sensitive loss function is proposed to make the
network have the ability to perceive the object’s perspective.
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Figure 5: Perspectives-sensitive RoI pooling.

Figure 6: Perspective-sensitive Loss. Global average pooling
and softmax function are used to calculate the perspective
probability. The perspective-sensitive loss function is com-
puted by KL-Divergence.

3.3. Perspective-sensitive loss function
Let the perspective of the RoI be �̂�. If �̂� is in the 𝑣-th

view-angel interval, the perspective-sensitive convolution is
being expected to make perspective-sensitive map 𝒓𝑣 con-
tain more semantic information about the object, which is
consistent with the motivation of PS RoI pooling.

Global average pooling is applied on perspective-sensitive
maps {𝒓𝑣}𝑣=1,2,...,𝑉 ∈ ℝ𝐿×𝑠×𝑠 to obtain 𝑉 view response val-
ues {𝐼𝑣}𝑣=1,2,...,𝑉 ∈ ℝ𝑉 :

𝐼𝑣 =
1

𝐿 × 𝑠 × 𝑠

𝐿
∑

𝑙=1

𝑠
∑

𝑖=1

𝑠
∑

𝑗=1
𝒓𝑣𝑙𝑖𝑗 (6)

In this paper, the perspective-sensitive convolution ker-
nel is learned based on the following fact. The larger the
perspective response value 𝐼𝑣, the greater the probability of
�̂� is similar to the perspective 𝑣, and more semantic infor-
mation the corresponding perspective-sensitive map 𝒓𝑣 con-
tains. View responses {𝐼𝑣}𝑣=1,2,...,𝑉 are transformed into a
probability distribution 𝑃𝑆 (𝑥) by softmax function:

𝑝𝑣 =
𝑒𝐼𝑣

∑𝑉
𝑣=1 𝑒

𝐼𝑣
∝ 𝑃𝑆 (𝑥 = 𝑣), (7)

where 𝑥 is the perspective random variable, 𝑥 and 𝑣 are rep-
resented by azimuth angle and elevation angle. Under the

Algorithm 1 Perspective sensitive learning
Input: 𝒇𝑈𝐹 ,𝑝𝑠𝑟𝑝,𝑝𝑠𝑐 , 𝑝𝑟𝑜𝑝𝑜𝑠𝑎𝑙𝑠,1𝑉 𝑖𝑒𝑤𝐺𝑇 ,1𝑜𝑏𝑗

 = {[𝑎1, 𝑒1],… , [𝑎𝑉 , 𝑒𝑉 ]},
 = {𝒓1,… , 𝒓𝑉 }, [𝑎𝑔𝑡, 𝑒𝑔𝑡], 𝜎, 𝛾

𝒇𝑈𝐹 is the uniformed feature
𝑝𝑠𝑟𝑝 is the PS RoI pooling operator
𝑝𝑠𝑐 is the PS convolution operator
𝑝𝑟𝑜𝑝𝑜𝑠𝑎𝑙𝑠 are generated by RPN
1𝑉 𝑖𝑒𝑤𝐺𝑇 means whether the test images have View-angle GT
1𝑜𝑏𝑗 means whether the RoI contains an object
 is the set of 𝑉 perspective interval centers
[𝑎𝑔𝑡, 𝑒𝑔𝑡] is the ground-truth perspective
𝜎 and 𝛾 are the standard deviation and normalized factor of
𝑃Θ(𝑥) respectively
Initialize:𝐿𝑐𝑙𝑠 ← 0, 𝐿𝑏𝑜𝑥 ← 0, 𝐿𝑝𝑠 ← 0
Output: loss of PSNet 𝐿

1: 𝒇𝑃𝑆𝐹 ← 𝑝𝑠𝑐(𝒇𝑈𝐹 )
2: {{𝑟}𝑉𝑣=1}

𝑁
𝑖=1 ∼ 𝑝𝑠𝑟𝑝(𝒇𝑃𝑆𝐹 , 𝑝𝑟𝑜𝑝𝑜𝑠𝑎𝑙𝑠)

3: for each RoI in {{𝑟}𝑉𝑣=1}
𝑁
𝑖=1 do

4: if 𝑛𝑜𝑡 1𝑉 𝑖𝑒𝑤𝐺𝑇 𝑎𝑛𝑑 1𝑜𝑏𝑗 then
5: for 𝑣 ← 1 to 𝑉 do
6: Calculate the perspective probability 𝑝𝑣 through

Eq. 6 and Eq. 7
7: Calculate GT distribution 𝑃Θ([𝑎𝑣, 𝑒𝑣]) according

to Eq. 3 and Eq. 8
8: Calculate PS loss 𝐿𝑝𝑠 by Eq. 9.
9: end for

10: Update 𝐿𝑝𝑠
11: end if
12: Calculate PSM by Eq. 5 and predict the results of

classification and bounding box regression
13: Calculate classification loss 𝐿𝑐𝑙𝑠
14: Update 𝐿𝑐𝑙𝑠
15: if 1𝑜𝑏𝑗 then
16: Calculate bounding box regression loss 𝐿𝑏𝑜𝑥
17: Update 𝐿𝑏𝑜𝑥
18: end if
19: end for
20: return 𝐿 ← 𝐿𝑐𝑙𝑠 + 𝐿𝑏𝑜𝑥 + 𝐿𝑝𝑠

assumption that the perspectives are independent, a quasi-
Gaussian distribution is utilized to describe the ground-truth
perspective distribution function, referring to Eq. (2):

𝑃Θ(𝑥) = 𝛾𝑒−
‖𝑑(𝑥,𝜇)‖2

2𝜎2 , (8)
where 𝜇 is the perspective GT of the RoI. 𝜎 is the standard
deviation used to adjust the amplitude of the probability dis-
tribution. 𝛾 is the normalized factor.

Noting that one-hot coder 𝑃Θ(𝑥) is not accurate since
the difference between two adjacent perspective intervals is
small, and it is difficult to determine which interval these
perspectives belong to.

Then PSNet conducts statistical constraints onto learned
representations by implicitly training the perspective-sensitive
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convolution kernels {𝑔𝑣}𝑉𝑣=1 so that the perspective proba-
bility distribution 𝑃𝑆 (𝑥) matches ground-truth perspective
probability distribution 𝑃Θ(𝑥), i.e.,we optimize {𝑔𝑣}𝑉𝑣=1 by
minimizing𝐷𝐾𝐿(𝑃Θ(𝑥)||𝑃𝑆 (𝑥)), the perspective-sensitive loss
function 𝐿𝑝𝑠 is defined as follow:

𝐿𝑝𝑠 =𝐷𝐾𝐿(𝑃Θ(𝑥) ∥ 𝑃𝑆 (𝑥))

=
𝑉
∑

𝑖=1
𝑃Θ(𝑥𝑖) log𝑃Θ(𝑥𝑖) −

𝑉
∑

𝑖=1
𝑃Θ(𝑥𝑖) log𝑃𝑆 (𝑥𝑖)

(9)
In training, the perspective probability of each object is

calculated by Eq. (7)
Finally, the multi-task loss on each sampled RoI is de-

fined as 𝐿 = 𝐿𝑐𝑙𝑠 + 1𝑜𝑏𝑗𝐿𝑏𝑜𝑥 + 1𝑜𝑏𝑗(1 − 1𝑉 𝑖𝑒𝑤𝐺𝑇 )𝐿𝑝𝑠. The
classification loss 𝐿𝑐𝑙𝑠 and bounding-box loss 𝐿𝑏𝑜𝑥 are de-
fined in Faster R-CNN. We minimize the cross-entropy loss
for classification and smooth L1 loss for bounding box re-
gression. The indicator function 1𝑉 𝑖𝑒𝑤𝐺𝑇 means whether
the test image can provide the view-angle GT. 1𝑜𝑏𝑗 means
whether the RoI contains an object. Since negative sam-
ples have no perspective attributes, only positive samples are
used to train the PSC kernel.

The PS loss computation process is shown in Fig. 6. The
overall training process of PSNet is illustrated in Alg. 1.

4. Experiments
Experiments are conducted on two datasets: SpaceNet

MVOI [45] and Pascal3D+ [46].
4.1. Data description
SpaceNet MVOI. The images from SpaceNet MVOI were
obtained from DigitalGlobe, with 27 different view-angles
over the same regions. Each view-angle is segmented into
three major categories (Nadir, Off-Nadir, and Very Off-Nadir).
The view-angle information of the objects can be obtained
when the remote sensing image is imaged so that the per-
spective GT can be used in the training and inference. For
the two cases mentioned in Sec. 3.2 and Sec. 3.3, SpaceNet
MVOI are used to verify the effectiveness of the proposed
perspective-sensitive RoI pooling and loss function.
PASCAL3D+. PASCAL3D+ is a challenging dataset for
3D object detection and pose estimation. It augments 12
rigid categories of the PASCAL VOC 2012 [47] with 3D
annotations. Furthermore, more images are added for each
category from ImageNet. Among them, category, bounding
box, and two view-angles (azimuth and elevation) are used
for training. PS loss is used to learn the structural features.
4.2. Implementation details

The proposed PSNet is based on the public implementa-
tion of Faster R-CNN1 without bells and whistles, which is

1https://github.com/jwyang/faster-rcnn.pytorch

Table 1
Ablation studies on PS RoI pooling. The number of channels
in the perspective feature blocks 𝐿 is set to 50. Performance
(mAP@50) comparisons on SpaceNet MVOI dataset. Methods
are tested on three different viewing angle categories: nadir
(NADIR), off-nadir (OFF), and very off-nadir (VOFF). All is
the averaged performance on three categories.

Number of views NADIR OFF VOFF All

baseline 42.7 35.0 18.1 33.4
w/o view 40.0 32.1 19.8 32.7 [-0.7]

9 42.9 36.7 20.6 34.6 [+1.2]
18 42.7 36.6 20.6 34.5 [+1.1]
26 42.9 37.1 20.9 35.0 [+1.6]

Table 2
Ablation studies on PS Loss. 𝐺𝑇 means the perspective GT
are used to conduct PS RoI pooling in testing. 𝐿𝑒𝑎𝑟𝑛𝑒𝑑 refer
to learning structural perspective features by PS Loss.

Method View Information NADIR OFF VOFF All

baseline - 42.7 35.0 18.1 33.4
PSNet GT 43.8 37.3 21.7 35.9
PSNet Learned 43.8 37.5 21.2 35.8

Table 3
Different Loss Function Performance comparisons on Pas-
cal3D+ dataset.

Method Loss GT of perspective 𝑚𝐴𝑃@50

PSNet CE One-hot coder 82.2
PSNet PS Perspective distribution function 84.0[+1.8]

Table 4
Ablation studies on channel number 𝐿. The number of per-
spectives 𝑉 are set to 26.

Number of layers NADIR OFF VOFF All

10 41.4 35.0 20.1 33.9
20 43.1 37.2 20.7 35.1
30 43.8 37.3 21.7 35.9
40 43.3 37.1 21.1 35.2
50 42.9 37.1 20.9 35.0

trained with stochastic gradient descent (SGD) for 20 epochs
with the initial learning rate being 2𝑒-3. The learning rate is
decayed by a factor of 10 for every five epochs. Weight decay
and momentum are set as 0.0005 and 0.9. The weights pre-
trained on ImageNet [48] are used for initializing our back-
bone networks.
4.3. Evaluation metrics

The evaluation criteria adopted for SpaceNet MVOI and
PASCAL3D+ are Pascal VOC [49]. The main evaluation
metric is the AP, which is defined based on precision and
recall:

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

Xin Zhang et al.: Preprint submitted to Elsevier Page 6 of 12



X, Zhang/Neurocomputing

Table 5
Performance (mAP@50) comparisons on SpaceNet MVOI dataset.

Method Backbone NADIR OFF VOFF All

Faster R-CNN ResNet-34 19.4 14.9 8.1 14.4

Faster R-CNN ResNet-50 40.1 31.1 19.7 31.9

Faster R-CNN ResNet-101 42.7 35.0 18.1 33.4

R-FCN ResNet-50 36.6 30.0 16.5 28.1

R-FCN ResNet-101 35.6 30.1 18.9 28.5

PSNet ResNet-34 22.2[+2.8] 18.9[+4.0] 9.6[+1.5] 17.1[+2.7]

PSNet ResNet-50 42.3[+2.2] 34.6[+3.5] 20.1[+0.4] 33.6[+1.7]

PSNet ResNet-101 43.8[+1.1] 37.3[+2.3] 21.7[+3.6] 35.9[+2.5]

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

𝐴𝑃 = ∫

1

0
𝑃 (𝑟)𝑑𝑟, (10)

where TP, FP, and FN represent true positives, false posi-
tives, and false negatives, respectively; 𝑃 represents preci-
sion, and 𝑟 denotes recall.

AP is based on an intersection over union (IoU) threshold
of 0.5. For the multi-class performance evaluation, the mean
average precision of all categories is defined as the mean AP
(mAP).
4.4. Qualitative analysis

Four sets of ablation studies are set up to verify the pro-
posed PS RoI pooling and PS Loss contribution in construct-
ing a robust detector for perspective variance. Meanwhile,
we report the performance comparison with the baseline de-
tectors that also consider the perspective of each object. In
the comparison experiment with the general detector, in ad-
dition to the Faster R-CNN, RFCN, which also implicitly
learns the structural features, is selected as the baseline model.
4.4.1. Ablation Study
Ablation studies on PS RoI Pooling. For the SpaceNet
MVOI dataset, the azimuth angle is fixed to 1, the range of el-
evation angle is [−32◦, 53◦]. The elevation is segmented into
9, 18, and 26 divisions. In order to ensure that the network
has sufficient representation ability, the number of channels
𝐿 in the perspective feature blocks is set to 50.

Perspective GT is used to learn the structural perspective
feature by PS RoI Pooling. The performance with different
views is listed in Tab. 1. Since PSNet is an improvement of
Faster R-CNN, Faster R-CNN is taken as the baseline, and
ResNet-101 is taken as the backbone of PSNet and Faster
R-CNN. "without view" means the number of learning per-
spective feature spaces is set to 1, the mAP is 0.7% lower
than baseline. It proves that the initial architecture of PSNet
can not bring the detection performance gain without con-
sidering the angle of view.

With the increasing number of learning perspective fea-
ture spaces, PS RoI pooling begins to play a role. From

Tab. 1, it can be deduced that PS RoI Pooling helps improve
detection performance. However, the number of views is not
entirely proportional to the gain of performance. For exam-
ple, the mAP of 𝑉 = 9 is very close to that of 𝑉 = 18. The
network achieves the best performance when 𝑉 is set to 26.

In summary, compared with baseline, when PSNet uses
the proposed PS RoI pooling, detection performance has been
improved due to the learned structural perspective features.
Especially compared with PSNet without considering per-
spective, PS RoI pooling can increase mAP value by 2.3%.

Ablation studies on PS Loss. Two reasoning cases are
implemented to verify the reliability of PS loss, i.e., whether
each object’s perspective GT can be used in reasoning. Based
on this, PS RoI pooling and PS loss are used to learn the
perspective-specific structured features, respectively. In the
experiment, we keep the number of perspective feature spaces
and the channel number of perspective feature blocks con-
sistent. As shown in Tab. 2, the performance of PS loss is
close to that of PS RoI pooling, which proves the flexibility
of PSNet and the effectiveness of PS loss. When the per-
spective information is missing, PSNet can still use PS loss
to make the network have perspective sensitivity and achieve
good performance.

In Sec. 3.3, we qualitatively analyze the advantages of
the proposed GT perspective distribution function compared
with the one-hot coder. It can be seen from Tab. 3, when
PS loss is utilized, the mAP@50 is 1.8% higher than the
cross-entropy (CE) loss function. This is because one hot
coder does not consider the similarity between adjacent per-
spectives; it makes the semantic representation of the feature
space corresponding to the adjacent perspectives differ sig-
nificantly, which affects the learning of robust perspective-
specific structural features. It indicates that the detector’s
performance is greatly affected by the learning effect of struc-
tural perspective features.
Ablation studies on channel number. 𝐿 represents the
number of channels in the perspective feature blocks for the
prediction. In this study, we set the 𝐿 from 10 to 50 and the
number of perspectives 𝑉 to 26. We use perspective GT in
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Table 6
Performance comparisons on Pascal3D+ dataset. 𝑚𝐴𝑃@50 is the PASCAL-style mAP
evaluated @ IoU = 0.5. "∗" means our re-implementation. "12 𝑣𝑎𝑙" denotes PASCAL
VOC 2012 val. "12 𝑣𝑎𝑙+" denotes the union set of PASCAL VOC 2012 val and ImageNet
test set in Pascal3D+.

Method test data car train tvmonitor diningtable boat aeroplane bus bicycle chair bottle sofa motorbike 𝑚𝐴𝑃@50

Massa et al. [50] 12 𝑣𝑎𝑙 , 65.5 76.3 66.1 45.4 52.1 76.8 79.0 72.7 24.7 −− 52.5 76.2 62.5

Poirson et al. [37] 12 𝑣𝑎𝑙 60.9 77.2 63.6 54.9 47.6 77.6 75.9 71.8 17.2 −− 48.7 75.9 61.0

Onoro-Rubio et al. [38] 12 𝑣𝑎𝑙 70.3 77.9 64.6 52.7 49.3 78.5 79.2 73.1 32.3 −− 58.0 78.0 64.9

Xiang et al. [51] 12 𝑣𝑎𝑙 64.7 74.8 65.3 38.6 42.4 76.5 74.5 74 38.5 −− 55.1 76.7 61.9

PSNet(Ours) 12 𝑣𝑎𝑙 61.3 80.0 67.9 59.4 56.0 75.2 75.1 74.8 40.0 −− 70.6 77.6 67.1

YOLOv3∗ 12 𝑣𝑎𝑙+ 82.5 89.5 82.7 80.8 78.1 90 89.4 87.3 37.4 67.4 84.7 85.8 79.6

R-FCN∗ 12 𝑣𝑎𝑙+ 86.5 90.7 85.9 86.3 79.8 90.3 89.4 89.6 49.8 70 90.4 89.1 83.1

Faster R-CNN∗ 12 𝑣𝑎𝑙+ 80.9 89.3 80.6 80.6 78 89.4 88.6 88.3 48.1 65.3 86.9 87 80.2

PSNet(Ours) 12 𝑣𝑎𝑙+ 87.2 91.7 85.9 85.9 83.3 91.7 90.7 90.7 50.5 71.8 89.4 89.3 84.0

Table 7
Analysis of Intra-class compactness and inter-class separation.

Method 𝐶𝑃 𝑆𝑃

Faster R-CNN 0.3412 1.1577
PSNet(Ours) 0.2838 1.2044

training and inference. From Tab. 4, it can be observed that
the detection performance is improved with the increased 𝐿.
It is worth noting that the increased channel number will in-
crease the training computation. Moreover, the performance
is unstable, e.g. too large L (𝐿 > 30) does not improve the
performance of detector. Thus, 𝐿 = 30 is chosen as the de-
fault PSNet setting.
4.4.2. Main results on SpaceNet MVOI

Performance of different approaches is listed in Tab. 5.
In the experiment, the object-specific features gain perspec-
tive sensitivity through PS RoI pooling. The number of per-
spective intervals 𝑉 is 26. 𝐿 is set to 30. It can be concluded
that the best performance is achieved by the proposed ap-
proach, whose averaged AP is 7.4% higher than ResNet-101-
R-FCN and 2.5% higher than ResNet-101-Faster R-CNN. In
order to investigate the advantages of the proposed approach,
performance under different view-angle levels is tested sep-
arately. By comparing the former three columns of Tab. 5,
it can be informed that the proposed approach is superior
to others in the three perspective ranges. In other words,
such performance cannot be achieved without the help of
perspective-sensitive features.
4.4.3. Main results on Pascal3D+

In the experiment on Pascal3D+, because it is difficult
to obtain the view angel GT of each object in the natural
scene, we set the test set to be unable to provide the per-
spective GT information; then, the feature gains perspective
sensitivity through PS loss. The number of azimuth angle
intervals is set to 8, and the number of elevation angles is 4,

so the number of perspective intervals 𝑉 is 32. 𝐿 is set to
50. The proposed approach is compared against traditional
deep learning-based detectors. Faster R-CNN, RFCN, and
YOLOv3 [52] are used as the baseline. The detectors use
the perspective information to perform the cooperative tasks
of pose estimation and object detection are regarded as base-
line [50, 37, 38, 51].

From Tab. 6, it can be indicated that our method has the
best detection performance. On the PASCAL VOC 2012
val (12 𝑣𝑎𝑙), PSNet achieves 67.1% mAP, which is higher
than the other four baseline methods using perspective in-
formation. The comparisons are also performed on the Im-
ageNet test set in Pascal3D+ (12 𝑣𝑎𝑙 + 𝑖𝑚𝑎𝑔𝑒𝑛𝑒𝑡 ). With
the proposed PSC, PSNet further boosts𝑚𝐴𝑃@50 to 84.0%,
which is 3.8% improvement over the Faster R-CNN. Since
our framework is enhanced within the Faster R-CNN frame-
work, the above performance differences demonstrate the
importance and effectiveness of perspective-sensitive fea-
ture learning. Compared to the state-of-the-art SNN detector
RFCN, our method has 0.9% gain in 𝑚𝐴𝑃@50.

The novelties of the proposed approach mainly lie in struc-
tural features and perspective-sensitive networks. To inves-
tigate the effectiveness of the above motivations, we per-
formed inter-class and intra-class distribution analysis on
12𝑣𝑎𝑙+. Specifically, the image is input into a detector to ob-
tain the feature map for prediction. We use the ground truth
of the object’s position as input to perform RoI pooling on
the feature map. After using the softmax activation function
of the classification branch, then the feature of each object is
obtained. Compactness (𝐶𝑃 ) and separation (𝑆𝑃 ) metrics
are introduced to measure the intra-class compactness and
inter-class separation:

𝐶𝑃 = 1
𝐾

𝐾
∑

𝑘=1

1
|Ω𝑘|

∑

𝑥∈Ω𝑘

‖𝑥 −𝑤𝑘‖
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Figure 7: Visualization on perspective-sensitive maps learned by PS RoI Pooling.

𝑆𝑃 = 2
𝐾2 −𝐾

𝐾
∑

𝑖=1

𝐾
∑

𝑗=𝑖+1
‖𝑤𝑖 −𝑤𝑗‖2 (11)

whereΩ𝑘 is the 𝑘-th cluster and |⋅| is the number of elements
in the cluster. 𝐾 is the number of categories, and 𝑤𝑘 is the
center of the 𝑘-th cluster. According to the test dataset, 𝐾 is
set to 12.

As shown in Tab. 7, compared with the uniformed-feature-
based detector, structural-feature-based detector PSNet has
lower𝐶𝑃 and larger𝑆𝑃 . The promising results indicate that
benefited by the perspective sensitivity of the network, our
model can learn better features that have compacted intra-
class representations.
4.4.4. Runtime and complexity analysis

We measure the runtime and complexity of the models
on a Titan XP GPU. Taking SpaceNet MVOI as the experi-
mental dataset, the batch size is set to 2 for training and 1 for
testing. For the network scale of PSNet, we choose a large
network for analysis, i.e., 𝐿 = 50, 𝑉 = 26.

For the runtime analysis, the shortest side of the input
image is 600 pixels. The training time of PSNet with ResNet-
101 is about 0.77 hours per epoch, and that of Faster R-CNN
with ResNet-101 is near 0.79 hours. As for the inference
time, PSNet can run at 20.41 FPS, and Faster R-CNN can run
at 17.54 FPS. PSNet consumes 3.34GB and 1.65GB of GPU
memory during training and inference, respectively. Faster
R-CNN occupies 3.10GB and 1.50GB of GPU memory dur-
ing training and inference, respectively.

For the complexity analysis, the input image size is 900×
900 pixels. The number of parameters of PSNet is 60.4MB,

and that of Faster R-CNN is 46.94MB. However, the compu-
tational complexity of PSNet is 86.8GMac, and that of Faster
R-CNN is 129.09GMac.

In summary, although PSNet has slightly more parame-
ters than Faster R-CNN, PSNet is closer to a fully convolu-
tional network, and Faster R-CNN contains a heavy RoI head
network, so PSNet is faster and stronger than Faster R-CNN.
4.5. Quantitative analysis

Two visualization experiments are carried out in the qual-
itative analysis to verify whether the PSNet has perspective
sensitivity and how the perspective-specific structured fea-
tures enhance the detection performance.
Whether the PSNet has perspective sensitivity? Fig. 7
illustrates the perspective-sensitive RoI feature {𝒓𝑣}𝑣=1,2,...,𝑉learned by PS RoI Pooling. When the buildings are in dif-
ferent view-angles, the network can map the features to dif-
ferent perspective feature spaces, and the semantic informa-
tion can be perceived on the perspective feature block corre-
sponding to the view-angle GT of the object. Fig. 8 shows
the structural perspective structural feature 𝒇𝑃𝑆𝐹 learned by
PS Loss. The feature maps in different positions correspond
to different perspectives. In the figure, The semantic infor-
mation of the aircraft from the up view and the head-up view
is perceived on the corresponding perspective feature blocks,
respectively.

Therefore, the network can perceive the object from dif-
ferent perspectives, which improves the robustness to the
view-angle variation. It is worth noting that the representa-
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Figure 8: Visualization on perspective structural feature learned by PS Loss.

Figure 9: Perspective structural feature focus on different spa-
tial positions of the object based on its perspective. The hor-
izontal direction represents the perspectives corresponding to
the Feature space, and the vertical direction represents the
perspectives corresponding to the image

tion of objects in the perspective feature spaces correspond-
ing to adjacent view-angles are similar.
How the perspective-specific structured features en-
hance the detection performance? Results of perspective-
specific structural feature map learned by PS Loss are shown
in Fig. 9, where the warmer color means the stronger se-
mantic information. As can be observed from Fig. 9, the
off-Nadir feature block’s response concentrate on specific ar-
eas where the off-Nadir-view buildings locate. In contrast,
other view-angle feature blocks’ responses are distributed
uniformly; the less similarity between view-angles, the less
semantic information is contained in the feature block. It
validates the novelty of the proposed approach that strong
feature responses are obtained when they are projected to
the correct feature space. In particular, the last column re-
veals that the network focus on different spatial positions of
the object based on its perspective. As the perspective of the
building changes from nadir to very off-nadir, the emphases
are altered from roof to side-looking of the building.

The feature maps based on structural features are com-

Figure 10: Perspective structural features are useful for captur-
ing view-angles difference and reducing diversity of intra-class.
(a)-(b) and (c)-(d) are the detection results by Faster R-CNN
and PSNet, respectively. (a) and (c) are feature maps used for
prediction in the network.

pared visually with ones based on uniformed version, i.e.
Faster R-CNN. When the representation distance between
irrelevant objects in the background and the objects of in-
terests is close, it may lead to miss detection. As shown by
the left two columns of Fig. 10, in feature maps obtained by
Faster R-CNN, the irrelevant objects marked by the bound-
ing boxes contribute the large responses on the feature maps
erroneously. Although the responses of some foreground
objects are significant, they are still recognized as the back-
ground because the intra-class distance is greater than the
inter-class distance. The underlying reason lies in the uni-
formed feature ignored perspective-sensitive structure, and
the misaligned intervals impact the distance between various
perspectives. In contrast, with the help of structural features,
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Figure 11: Detection results visualization on Pascal3D+. Odd rows: PSNet; Even rows: Baseline.

the distance between various perspectives is measured ac-
curately within the aligned perspectives. In short, structural
features help capture perspective-specific differences and are
helpful for reducing the intra-class variance.

Fig. 11 shows the detection results visualization of PSNet.
The categories of objects to be detected in Fig. 11 are bicy-
cle, car, tv monitor, chair, bottle, boat, motorbike, and dining
table. Compared with the baseline model, PSNet is more ro-
bust to the change of view angle and can improve the recall
rate of occluded objects, which indicates that the occluded
objects are also well represented in the perspective feature
spaces. Some failure cases are also shown in Fig. 11. In
the fourth column of the first row, the tv monitor behind the
man was misclassified. In the third column of the second
row, the motorcycles on the car were not recalled. There-
fore, when the representation ability of the feature extraction
network is insufficient, the occluded tiny objects bring dif-
ficulties to perspective perception. The perspective robust-
ness detection of difficult samples will be a challenge in our
future work.
5. Conclusion

A perspective-sensitive network is proposed for detect-
ing objects of different view-angles. Compared with tradi-
tional deep learning-based approaches, the limitations of the
uniformed-feature-based network are addressed by perspective-
sensitive learning. With the help of PS RoI pooling and loss,
PSNet can extract structural features robust to perspective
in two reasoning cases. The comparative experiments and

visualization analysis on Pascal3D+ and SpaceNet MVOI
datasets demonstrate the novelties and effectiveness of the
proposed approach.
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