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Abstract—Scene images are usually composed of foreground
and background regional contents. Some existing methods pro-
pose to extract regional contents with dense grids or objectness
region proposals. However, dense grids may split the object
into several discrete parts, learning semantic ambiguity for
the patches. The objectness methods may focus on particular
objects but only pay attention to the foreground contents and
do not exploit the background that is key to scene recognition.
In contrast, we propose a novel scene recognition framework
with amorphous region detection and context modeling. In the
proposed framework, discriminative regions are first detected
with amorphous contours that can tightly surround the targets
through semantic segmentation techniques. In addition, both
foreground and background regions are jointly embedded to
obtain the scene representations with the graph model. Based on
the graph modeling module, we explore the contextual relations
between the regions in geometric and morphology aspects, and
generate the discriminative representations for scene recognition.
Experimental results on MIT67 and SUN397 demonstrate the
effectiveness and generality of the proposed method.

Index Terms—Scene Recognition, Semantic Segmentation,
Graph Neural Network.

I. INTRODUCTION

The goal of scene recognition is to predict scene labels
for images. Generally, scene images (e.g., office, park) are
composed of various regional contents such as objects (e.g.,
people, vehicles, and animals) and mid-level themes (e.g.,
water, mountain, and sky). The former is usually regarded as
foreground, while the latter is regarded as background. Previ-
ous works have sought to represent local contents with patch-
level representations by dividing scenes with dense grids [7],
[37], [46], [S1], [54], [56], and modeling the context between
the patches. Such grids usually capture random contents where
objects may be roughly split. Thus, more recent works attempt
to locate particular objects and extract objectness features [6],
[48], [50]. However, since foreground (objects) usually covers
part of the scenes, focusing on the foreground may lead to the
lack of background and spatial structural information of the
scenes that are key to scene recognition.

Previous works on scene recognition with extraction of local
features can be categorized into two approaches of dense
grid and objectness methods. Methods based on dense grids
[21], [33], [39], [43] extract regional content with patches,
and aggregate patch-level features to feed to scene classifiers.
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Fig. 1. (a) Example of beach category. (b) The region captured by dense gird.
A single regional content may cooccur in several patches (sand cross-exists in
most patches), or several regional contents may coexist in several patches (in
the yellow patch, there are various contents, such as cow, sand, and sea.). (c)
The red bounding boxes demonstrate the region contents detect by objectness
methods. (d) Regional contents captured by semantic segmentation technique.

However, a single regional content may cooccur in several
patches (e.g., in Fig. 1 (b), sand cross-exists in most patches),
or several regional contents may appear in a single patch (e.g.,
in Fig. 1 (b) yellow patch, there are various contents, such as
cow, sand, and sea.), showing that the semantic meaning of the
patches is usually ambiguous. To address this problem, some
recent methods [37], [38], [56], [58] attempt to exploit the
similarity between adjacent patches, considering that adjacent
patches usually describe similar regional content (e.g., sand in
Fig. 1 (b)). These methods first encode the similarity between
adjacent patches as context, and then implement contextual
modeling to emphasize the consistent patterns in scenes. In
contrast to dense grids, some other methods [6], [23], [48],
[50] seek to detect more certain regions such as objects in
the scene. These methods extract objects in the scene with the
fixed shape bounding box (see Fig. 1 (c)), and encode regional
features to feed the scene classifiers. However, only focusing
on objects can cover part of scenes, and fail to obtain the
background information such as sky, water, and road in natural
scenes, and cell, wall, and floor in indoor scenes that are key
for the construction of the spatial layout of the scenes.
Motivated by obtaining local representations with more
precise semantic information and complete spatial information,
it is intuitive to investigate more flexible methods of region



detection and spatial information construction. In scenes, the
shape of regional content is inherently amorphous. In contrast
to detecting regions in bounding boxes or patches that are
too rough to conform the shape of the regional contents (e.g.,
in Fig. 1 (c) yellow box, there are several regional contents,
such as cow and sand), detecting regions with edges of the
content itself appears to be more precise to avoid semantic
ambiguity (see Fig. 1 (d)). Thus, we propose to implement
semantic segmentation as an alternative method for obtaining
meaningful regions in scenes that can localize the amorphous
contours of various regional content precisely. In particular,
the obtained regions can be either objects (such as train, car,
and dog, regarded as foreground) or background (e.g., sand,
grass, and sky) [2]. In addition to detecting regions, con-
structing the scene representations with complete foreground
and background is also required. Previous works [2], [11]
introduced multiple contextual relations in the scene, including
object-object, stuff-stuff (amorphous background regions), and
object-stuff contexts. In particular, the object-object context
provides the coexistence objects, for example, in the bedroom,
the bed is likely to cooccur with the lamp. Stuff-stuff context
can capture the spatial notion, for instance, in campus, the
building is typically below the sky and above the grass. Object-
stuff context is helpful to explore the interaction within the
scene, for example, in the train station, trains are likely to
coexist with platform and railway and trains are typically
above the railway and next to the platform. Previous works
have usually focused on a single type of context and while
jointly exploiting multiple context is a promising research
direction, it has not been investigated to date.

In this paper, we propose the amorphous region context
graph modeling framework (ARG) for scene recognition. Our
framework contains three modules, namely, amorphous region
selection, graph modeling, and scene classification. In the first
module, we implement the semantic segmentation model [4]
to obtain regions of both foreground and background, where
each pixel of the image is annotated with explicit labels, and
grouping the adjacent pixels with the same label can obtain
the amorphous regions. Detecting regions with the semantic
segmentation technique allows us to obtain more diversity
(including both foreground and background) of the regional
contents in the scene. Such diversity of regional content
can provide richer context to comprehensively represent the
scenes. In the second module, to explore the complexly
contextual relations between amorphous regions, we propose
a module based on graph convolution network [19] (GCN). In
particular, we define the regional representations as node rep-
resentations of GCN, and the edge is the geometric and mor-
phology relation between the regions. The advantage of our
graph modeling module is that we can explore the contextual
relations between the regions from two independent aspects.
Due to the use of two independent contextual relations, we can
optimize representations from different directions and generate
the discriminative scene representation. After the optimization
of the GCN operation, we feed these optimized representations
into classifiers to predict scene labels in the third module.

Based on the above method, we evaluate our method on MIT67
[30] and SUN397 [49] and the experimental results illustrate
the effectiveness and generality of our method.

II. RELATED WORKS

In this section, we briefly review several topics, and present
the differences between related works and our approach.

A. Scene recognition

Scene recognition has been a longstanding challenge in
multimedia and computer vision. Some works [34], [40], [41]
propose to extract basic elements (e.g., texture, shape, and
color) to learn the global feature of scene images. However,
these methods may not incorporate regional contents. To
address this, Serrano et al. [33] divide images into several
patches, classify them with SVM, and combine their classifi-
cation results with the Bayesian network for scene recognition.
Lazebnik et al. [21] propose Spatial Pyramid Matching that
extracts features of sub-regions, and fuses the features of the
images to conduct classification.

In recent years, deep learning approaches have made break-
throughs in multimedia and computer vision for problems
such as object detection [22], [31], image segmentation [4],
[18], [55] and image recognition [10], [13], [14]. Some recent
works [3], [6], [12], [24]-[27], [32], [35], [37], [38], [46]-
[48], [50], [52]-[54], [56] propose to learn regional contents
based on the convolution neural networks (CNNs), and greatly
enhance the performances. A recent survey [52] innovatively
summarizes deep learning scene recognition methods into
several perspectives such as spatial layouts pattern learning
[12], [46], [47], [53], discriminative region detection [25],
[35], [48], [50], [56], and hybrid deep models [6], [12], [24],
[26], [32], [37], [46], [54], [56]. To improve performance,
some methods [12], [46], [47], [53] propose to learn the
spatial layout pattern for scene categories. Herranz et al. [12]
propose to divide the scene image into patches with multiple
scales and combine them to conduct scene classification.
Yang et al. [53] employ RSP [15] on the CNN feature maps
that split feature maps randomly into several patches. Wang
et al. [46] propose PatchNets that is a CNN structure but
with small size patch inputs, and they employ the global
image label to train their networks with weak supervision.
These spatial layouts pattern learning methods [12], [46],
[47], [53] attempt to represent local content with patch-level
representations by dividing the scenes with dense grids and
combine the discriminative patches from different partitions as
image representations to guide scene classification. However,
these methods may divide objects into many discrete parts,
leading to semantic ambiguity of the patches. In the proposed
ARG, semantic segmentation has been implemented to obtain
the amorphous regional features that is closer to the contour
of the regional contents, avoidin semantic ambiguity.

Spatial layouts pattern learning methods may capture ran-
dom contents where objects may be roughly split, resulting
in the loss of discriminative information. To alleviate this
problem, some discriminative region detection methods [25],



[35], [48], [50], [56] have been proposed. Wu et al. [48]
propose a structure that uses multiscale object proposals that
can obtain object candidates, and cluster these candidates to
conduct classification. In [50], selective search has been used
to detect the object regions, and generate a part dictionary,
using spatial pyramid matching to discover local discriminative
information. In ISPRs [25], Histogram of Oriented Gradient
(HOG) and convolution filter has been used to detect the
discriminative regions, and learn the region appearance jointly
in a unified architecture. Adi-Red [56] employs a sliding
window to discover the local maxima on the feature map,
and extract the multiscale representations to conduct scene
recognition. Discriminative regions can also be detected by
the saliency detection algorithm. In [35], saliency detection
was used to detect saliency regions, and then, the saliency
detection feature, original feature and enhancement feature
are concatenated to guide scene recognition. These methods
usually apply HOG, region proposal network (RPN), and
saliency detection to determine the discriminative regions in
the image to improve the performance of scene classification.
However, the regions detected by HOG and saliency detection
may not have a clear semantic meaning. RPN only pays
attention to the foreground regions in the image thats lacks
the background that is key for the classification of scene
images. In contrast, ARG adopts semantic segmentation to
extract amorphous regions of both foreground and background.
Such diverse regional content can provide abundant context to
comprehensively learn the scenes.

Hybrid deep model methods [6], [12], [24], [26], [32],
[37], [46], [54], [56] are also common in the field of scene
recognition. FosNet [32] is a new CNN structure that fuses
the object-centric and scene-centric information. Zeng et al.
[54] introduce scene attributes as complementary features of
the scene that combine the scene attribute, object and scene
features to generate more discriminative scene representations.
These methods usually fuse multiple features to achieve per-
formance improvement, including multiscale features and mul-
timodel features. However, performing fusion requires greater
computational complexity and memory usage and may give
rise to high costs. Unlike these methods, we only use a single
model with single-scale but achieved better performance than
the hybrid deep model methods.

In contrast to recent methods, we implement the semantic
segmentation network to capture the amorphous contours of
regional contents that include not only the foreground but also
the background, and carefully construct a graph structure from
different aspects to model the rich context between the regions
for more discriminative scene representations. Comprehensive
experiments evaluate the effectiveness of our approach.

B. Graph convolution neural network

Recently, the Graph convolution neural networks (GCN)
have been utilized in many applications. Chen ef al. [5] use
GCNs for multilabel prediction. Wang et al. [45] employ
GCNs to improve the performance of zero-short learning.
Generally, GCNs can be divided into two streams: spectral

GCNs [5], [19] and spatial GCNs [28], [36]. Spectral methods
perform convolution in the spectral domain that defines the
graph convolution as the transformation on the eigenvectors of
the Laplacian matrix. In contrast to spectral approaches, spatial
approaches are similar to conventional CNNs that perform the
convolution filters on the graph nodes and their neighbors.
In this paper, we are interested in exploring the contextual
relations between the regions, and therefore, we decide to
use the spectral perspective GCNs. We define the regional
representations as nodes, and the geometric and morphology
relation as the edge, generating the scene representations.

C. Semantic segmentation-based modeling

Semantic segmentation techniques recently have been used
in diverse applications. Kalayeh et al. [17] propose to use
the semantic segmentation model to obtain the localization
of attribute, and model the attribute regions to improve the
performance of facial attribute predication. Kalayeh et al.
[16] propose to extract human parts by semantic segmenta-
tion network, and model these arbitrary contours to address
the challenge of person reidentification. In addition, some
methods discuss the effectiveness of semantic segmentation
in scene recognition. Fredembach er al. [8] propose to
segment image into regions, and guide image classification
based on these regional features. Bassiouny er al. [1] use
semantic segmentation to generate the semantic map, and
encode the information in the semantic map to generate the
feature vectors, to guide the scene classification. SASceneNet
[27] use semantic segmentation to extract the context infor-
mation of the image, and combine them with CNN features
through the attention module. In our method, we also use the
semantic segmentation model to obtain regional information.
However, unlike the abovementioned methods, we do not use
this information directly to guide classification. We prefer to
project this information onto the feature map of the scene
classification models (CNNs) and then implement.

III. AMORPHOUS REGION CONTEXT GRAPH MODEL

The proposed amorphous region context graph modeling
framework (ARG) consists of an amorphous region selection
module, a graph modeling module, and a scene classification
module. Our framework is illustrated in Fig. 2.

A. Amorphous region selection module

In our framework, region detection is implemented first.
In contrast to existing methods [12], [26], [37], [46], [48],
[50], [56] that extract regional representations in fixed shape
patch or bounding box, we propose to obtain the regional
representations in an amorphous shape based on the semantic
segmentation network. The semantic segmentation network is
implemented to assign semantic labels to each pixel. Then,
each region can be decided by clustering the pixels with the
same label, so that more precise region boundaries are detected
to avoid irrelevant confusion in each region. In our work,
we adopt the COCO-stuff [2] dataset that contains 91 stuff
categories and 80 object categories with 164,000 images. Since
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Fig. 2. The framework of ARG consists of three modules. In the amorphous region selection module, we use the semantic segmentation network to obtain
the corresponding label map, and determine the discriminative regions through region selection. We project the selected region onto a feature map, and mask
the irrelevant contents, capturing the regional representations in amorphous shape, where the feature map is a pretrained CNN ( ResNet50 on Places365). In
the graph modeling module, we construct two graphs based on geometric and morphology aspects, and employ GCN to optimize the node representations.
Finally, the node representations are fed into a fully connected layer to conduct scene classification.

the COCO-stuff [2] dataset is a semantic segmentation dataset,
it enables the implementation of our method.

For each image, we first input it into the pretrained semantic
segmentation network (e.g., DeeplabV2 pretrained on the
COCO-stuff), and generate the label map L € RY*W In
contrast to the prevalent semantic segmentation networks [4],
[55], we do not use bilinear interpolation to upsample the label
map to reach the original resolution. We set the label map L
at low resolution to reduce the computational complexity of
our subsequent algorithm.

The score L;; of the pixel (4, j) in L denotes the predicated
label of its counterpart in the input image. For each label s,
we define a binary map L® based on L that can be represented
as:

s 1, LijZS

A 0 Lij;és

Some labelwise binary maps may have few positive pixels (the
score of the pixel is 1). These maps may provide useless or
noisy information. Thus, a threshold 7 is defined to filter such
noise. In practice, the first step is to calculate the number P,
of the positive pixels in each L®. Second, we define a new
subset {5 | P, > T} of labels, and pixel L;; is assigned to
the label s but not in the new subset S (i.e., s ¢ S) will be
eliminated, L;; = 0). The connected pixel in the binary map
L® can be regarded as a region that in an amorphous shape,
and we define the amorphous region as v.

1) Region Selection: Based on the binary map L%, we can
generate the amorphous regions of category s where we can
obtain the amorphous region set V.= {v1,...vp,...,on} (N
indicates the number of regions, n = [1, ..., N] is the index,),
by performing the region selecting operation on all selected
category-wise binary maps. Then, we attempt to implement

several approaches to select more discriminative regions that
are introduced as follows:

Maximum Region (MR): The maximum region selection
method is based on the area of the amorphous region. Given
an amorphous region v€ V, we calculate the amorphous area
(count number of pixels in the region). Then, we select top
N regions sorted by area in descending order. The operator
.7(+) is used to represent this selection process. The selected
region set Vg is obtained by,

Vs =.7(V,N)

The number of regions N in the selected region set Vg is
determined by the statistics of the distribution of the number
regions in the benchmarks. If the number of the regions in the
image is less than N, we fill the selected region set with fake
regions for which the representations are denoted by zeros.

Category-based Maximum region (CM): To ensure diver-
sity, we also propose another region selection method based on
the label information of region v. To prevent the problem that
large regions in V usually belong to only a few categories, we
select the categorywise maximum region of all categories in
V to generate a new set V. Then, we perform the operation
Z(+) on V™ to obtain the selected set Vg (also include N
regions).

Priority Selection Categories-based region (PSC): To
further explore the contribution of semantic categories on the
basis of CM, we design a new region selection method based
on the statistical distribution of each category. We count the
area of each semantic category (segmentation output labels)
in the scene categories, and obtain the statistical semantic
category distribution of each scene category (StatisticsDict[c]
in Algorithm 1). The statistical results are sorted in descending
order, and the TOP K categories (K = %, 8 in MIT67, 5
in SUN397) are selected as the priority selection categories



(see Algorithm 1). The process of region selection is similar
to the CM algorithm, but in the execution, the category of
priority selection categories (Topcategory[c] in Algorithm 1)
has priority, and the category in priority selection categories
will not be limited by the maximum regions (priority selection
categories can select several regions, but the category of non-
priority selection categories can only choose the largest regions
to represent this category). Thus, the new set VP*¢ is obtained.
Operation .#(-) also has been performed on VP°¢ to obtain
the selected set Vg (also include N regions).

Algorithm 1 Priority selection categories statistics Algorithm

Input: Labelmap L,,n=1,...1

Output: Topcategory 1.,c=1,...C

1. StatisticsDict = {}

2. Topcategory = {}

3.for i =1 to I do # I represents image number
4 for j =1 to J do # J represents region number
5. if j.area > T then

6. StatisticsDict[i.category][k.label][+ =
J-

7.

8.

area
for c =1 to C do # C represents scene categories
Topcategory[c] =Sort(StatisticsDict[c])[:K]

2) Region Mask: After obtaining the region set Vg, we
propose to extract the amorphous regional representations
based on the pretrained CNN model (ResNet pretrained on
Places365). For an image, we feed it into the pretrained CNN
to obtain the feature maps of the last convolutional layer.
To obtain amorphous representations and mask the irrelevant
redundant, we employ bilinear interpolation to upsample the
feature maps M € R*% 1 by a factor of 4 to reach the
resolution of the label map L that can be formulated as:

My w = Bilinear (M%X%> (1)

Therefore, the upsampled feature map M reach the same
resolution of label map L. To obtain the amorphous regional
representations, we conduct a region mask, and the process
of the region mask is illustrated in Fig. 3. Each region v; in
the selected region set Vg is an amorphous binary map that
belongs to category 5 (part region of L®), where the amorphous
region (pixels related to category 5) can be projected onto the
feature map A/ with an operation of union. Thus, the pixel in
the feature map that is related to category s can be discovered,
and the irrelevant part can be masked. After average pooling,
the amorphous regional representation z; € R of category 5
can be obtained.

Global information is essential for representing the global
spatial layout in the scene. Therefore, we also extract the
global representation that is obtained from the feature map
of the final convolution layer after average pooling, and add it
into the region set V. Finally, the region representation matrix
X € RIN+D*d s obtained.
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Fig. 3. Flow chart of the region mask. The feature map based on the pretrained
CNN is employed as the backbone of feature extraction. The feature map has
been upsampled by a factor of 4 to the same resolution of the label map.
The amorphous region can be projected onto the feature map, and mask the
irrelevant content, capturing regional features in amorphous form.

B. Graph modeling module

To explore the contextual relations between amorphous
regions, we reorganize them in graph form, and perform
GCN. The graph Convolution Network (GCN) in this work
is inspired by [19] and is based on a spectral method. The
original GCN [19] is designed to perform semisupervised
classification. The main idea is to optimize the node represen-
tations by passing information between the nodes. Different
from conventional convolutions, GCN is performed on the
non-Euclidean structure, requiring the learning of a specific
function fgcp()

XD = £, (XD A) )

where X € RV*4 (N denotes the number of regions, and d
indicates the dimension of amorphous regional representation)
is the amorphous regional representation and A € RV*¥ is
the corresponding correlation matrix (the construction process
of A will be discussed later). After applying the graph con-
volution operation [19], the function fy., can be represented
as:

X+ — n(g—%gﬂéféx(t)w(t)) 3)

where w®) represents the trainable weight matrix, and
A=A+1Iy, 0; = ZAU is the degree matrix of A,

X1 ¢ RN*d denotes the optimized representations. 7(-)
is the nonlinear activation operation, which is ReLU in our
method.

To implement node representation optimization on the
graph, it is necessary to obtain the representation set X =
{X1,...X;,...Xn} and construct the correlation matrix A. We
have extracted the node representations in amorphous shape.
Hence, we only discuss how to construct the correlation matrix
A.

Geometric Relation: Geometric relation have a strong
impact on the scenes. To model the geometric relation between
amorphous regions, we define parts of geometric informa-
tion to represent the relation between the regions, and then
construct the corresponding geometric correlation matrix. For
each region, we define their regional representation v; as the
node, and we select the part of the geometric information to
update this node. The information passed from other regions to



v; may provide different contributions. Thus, we model each
region-region contextual relation as the edge that represents
the impact of v; on v;. The relative geometric relation can be
represented as:

PR s . ha
(55 (2520 () ()
w; h; w; h;

where (z;, y;) represents the center of the region, while w; ,
h; are the width and height of the region. Then, these features
are embedded into a high-dimensional (ds-dim) representation
K;; through the method in [42]. The embedded features are
transformed into correlation values by W;, € R%*! and can
be formalized as:

a;j = KijWy,

N N
CVZE EO[Z']‘

i=1 j=1
A" = softmaz(a) “4)

Then, we can obtained the geometric correlation matrix A9".

Morphology Relation: The extracted region has an amor-
phous shape and can provide different morphology information
compared with the box or patch with a fixed shape. To
explore the morphology relation between the regions, we
propose the morphology graph. In the morphology graph, the
node still denotes the region, and the edge is the relative
region-region relation that is determined by their morphology
information. For each region, we define the morphology in-
formation set m; = {cz, cy, a, e, w, h}, where (cz,cy) is
the centroid point, a and e represent the area and eccentricity
of the amorphous region, respectively, and w,h represent
the width and height, respectively (the morphology infor-
mation is {cx =0,cy=0,a=0,e=0,w=1,h=1} for
fake regions and {cx = W —1)/2,cy = (H—-1)/2,a =
W« H, e =0, W, H} for global node). This information is
obtained based on Skimage'. For a pair of regions (v;,v;), we
organize the morphology feature as:

(log (\cwl —c$j|) log (|Cyi —Cyj‘) log (ai) log (3))
wj hi a; €;

Following the similar operations (embedding in high dimen-
sion and transformation in Eq.(4)) for building the geometric
relation, we can obtain the morphology correlation matrix
A™T

Now, we can employ GCN in Eg.(2) to independently op-
timize the amorphous regional representations X (*) based on
geometric and morphology aspects, and generate the optimized
representations X (*+1),

Uhttps://scikit-image.org/docs/dev/api/skimage.measure.html

C. Scene classification module

To optimize the amorphous representation, we employ GCN
operation to model the contextual relation between the nodes.
In the case of over-fitting, we only adopt one-layer GCN. After
the GCN operation, we obtain the optimized representations
X' To prevent the impact of fake representations upgrades,
we use the global region representation X{ as the scene
image representation. These representations are fed into a fully
connected network, the softmax cross entropy function is used
as the final loss:

T pai

L= *Zyimgrieaj (5)

=1 j=1

where y is the ground truth (one-hot vector), and a is the
output of last fully connected network.

IV. EXPERIMENTS

In this section, we will describe the experimental details of
our method. Then, we evaluate the effectiveness of our method
on two public scene recognition datasets, namely, MIT67 [30]
and SUN397 [49].

A. Experimental datasets

MIT67 dataset [30] contains 67 indoor scene categories
and 15,620 images. There are at least 100 images per category.
Following the original evaluation protocol, we set 80 images
for training and 20 images for test.

SUN397 dataset [49] is a larger dataset that includes 397
categories and 108,754 images. Following the commonly used
evaluation protocol, we use 50% of the images for training
and 50% of the images for the test. Because this dataset is
relatively large, evaluation on this dataset is challenging.

B. Implementation details

In our experiments, DeepLabV2 model pretrained on the
COCO-stuff [2] is used as the basic segmentation model in the
first module. The input image resolution is fixed as 448 x 448.
To reduce the computational complexity, we fix the resolution
of the label map at 56 x 56 without bilinear interpolation. The
threshold T is 0.01 X Sy req (Where Sy eq i the size of the
label map that in our experiment is 56 x 56) in the region
selection. In addition, the selected number N is determined
by statistical information on the number distribution of the
regions. As shown in Table I, the average of the two datasets
is 15.61 and 10.46, respectively. Therefore, we empirically
set NV in MIT67 as 16, and N in SUN397 as 10. Then, we
extract regional representations based on the Res50-PL feature
map (ResNet50 [10] model pretrained on the Places365). We
employ bilinear interpolation to upsample the feature map to
56 x 56, mask out the irrelevant regions and extract the amor-
phous representations of each semantic concept. By adding the
global representations, the initial region representation matrix
is (N + 1) x 2048.

In the graph modeling module, we use a layer GCN to
optimize node representations. We adopt the L2 regularization
factor to the initial node representations, and then feed them



TABLE I
DISTRIBUTION OF DISCRIMINATIVE REGIONS IN MIT67 AND SUN397.
#Background  #Object  #Average
MIT67 11.28 4.33 15.61
SUN397 8.47 1.99 10.46

into our graph model. In the training phase, we train our
models for 20 epochs with the batch size of 32 and Adam
optimizer, and the initial learning rate is set to 0.001 and is
divided by 10 at 10/15/18th epoch. On the two benchmarks,
the hidden layer units in graph convolution are 8192 for both
datasets. We use omit regularization (dropout) in our final
classifier with a rate of 0.8.

C. Evaluation results

In this part, we conduct ablation studies to evaluate the
effectiveness of our method. The classification results of the
linear SVM are set as the baselines, for which the inputs are
the initial global region representations.

TABLE I
PERFORMANCE OF DIFFERENT REGION SELECTION AND CONTEXTUAL
RELATION. WE DEMONSTRATE CLASSIFICATION ACCURACY (%) AS
EVALUATION METRIC ON BOTH DATASETS.

Region selection Graph MIT67 | SUN397
MR CM PSC | Morphology  Geometric

Vv - - VA - 88.13 73.58

Vv - - - 4 88.06 73.96

- v - v - 87.99 73.41

- v - - v 87.91 73.85

- - 4 v - 88.06 74.08

- - v - v 87.91 75.02
Baseline 86.87 71.53

1) Evaluation of different region selection strategies: In
the amorphous region selection module, we propose three
region selection methods including maximum region (MR),
category-based maximum region (CM), and priority selection
categories-based region (PSC). To make a fair comparison, we
show the ablation studies of three region selection methods in
Table II. Compared with baselines, the improvements in three
region selection methods are quite obvious. This phenomenon
suggests that three methods can capture the discriminative
information in the scene image and obtain discriminative
scene representations. Moreover, the improvement of PSC is
significant. The performance of PSC is increased to 75.02%
on SUN397. The superior performance characteristics of PSC
indicate that statistical distributions are helpful in determin-
ing consistent pattern within scenes, which is beneficial for
improving the performance.

2) Evaluation of different graphs: To compare different
relation graph, geometric graph and morphology graph, we
perform some detailed experiments. The results are illustrated
in Table II. Using either one of the graphs, out method
outperform the baseline method. These obvious improvements
suggest that learning geometric and morphology information
between regions are both effective in scene recognition.

The performance of the morphology graph is superior to that
of the geometric graph on MIT67 (obtaining consistent results
when using different region selection methods), in contrast to
the results on SUN397. The amount of region for modeling in
the image may explain this phenomenon. In the morphology
graph, we utilize the information of area and eccentricity as
discriminative information to construct the graph, the regional
information may obvious when the region is large (e.g., on the
MIT67), thus, the morphology graph obtain better results on
MIT67.

TABLE III
COMPARISONS OF DIFFERENT GRAPHS COMBINATION. CLASSIFICATION
ACCURACY (%) IS REPORTED AS THE EVALUATION METRIC.

Region selection Combination MIT67 | SUN397
MR CM PSC | Addition Maximum
VA - - N - 87.76 73.76
V4 - - - v 87.76 73.78
- Vv - 4 - 87.39 73.717
- v - - Vv 87.46 73.8
- - Vv v - 87.84 74.95
- - 4 - 4 87.76 74.92
Single graph (PSC+Geometric) 87.91 75.02

To evaluate the complementarity between two graphs (such
as the graphs constructed with the morphology relation and the
geometric relation), we test some methods for the combination
of the graphs such as addition and maximum. As illustrated in
Table III, there were no significant differences in performance
between the two combinations. An examination of the data
presented in Table III shows that the combination results are
lower quality than those obtained using the single graph. This
indicates that the combinations are less effective because they
have some similar content when constructing the correlation
matrix such as height and width, limiting their differences and
resulting in weak complementarity between them.

Train station (a) Segmentation image

(b) Object region

(c) Background region

Fig. 4. Visualization of semantic regions. We choose the train station as an
example to demonstrate the region covered by the object and background in
the scene. (a) Visualization of semantic segmentation. (b) Visualization of the
object region with the background region masked in black. (c¢) Visualization
of the background region with the object region is masked in black.

3) Analysis of objects and background: We demonstrate the
visualization of different regions in the train station category



as an example in Fig. 4. As observed from Fig. 4(a), the
train station mainly consists of the regions of the train,
platform, building-other, and railway. Among these, the train
can be regarded as the object, and platform, railway, and
building-other can be regarded as background. For a clear
illustration, we show these regions separately, and discard the
irrelevant contents. The visualization of the object region is
shown in Fig. 4(b), and the background region visualization is
demonstrated in Fig. 4(c). We observe that both the object and
the background contain important elements of train station. A
lack of either the background or the objects will give rise to
incomplete spatial information in the scene. Thus, to construct
scene representation in a more complete manner, both object
and background should be taken into account.

TABLE IV
COMPARISONS OF DIFFERENT SEMANTIC REGIONS. CLASSIFICATION
ACCURACY (%) IS REPORTED AS EVALUATION METRIC.

Dataset ~ Regions  Object Background Both | Accuracy
2 N - - 72.72
2 - VA - 73.12
SUN397 3 ] v ) 7373
10 - - Vv 73.85
Baseline - - - - 71.53
4 v - - 86.94
4 - v - 87.24
MIT67 11 ; v, - 87.69
16 - - Vv 87.91
Baseline - - - - 86.87

To evaluate the effectiveness of different kinds of amor-
phous regions, we conduct the following experiments. Ac-
cording to the semantic meaning of amorphous regions, we
divide them into object sets and background sets. The number
N of selected regions is 4/11 (object/background) on MIT67,
and 2/8 (object/background) on SUN397 (see Table I). To
ensure category diversity, we select these regions based on
the CM region selection method, and we use the geometric
graph to model the relation between the regions. An exam-
ination of the data presented in Table IV shows that the
performance of our method for both background and object
is superior to the baselines, indicating the effectiveness of
both background and object. Moreover, when the number of
regions is equal, we observed that the results of the background
are better than those of the objects that achieved 87.24%/
86.94% (background/object) on MIT67 and 73.12%/ 72.72%
(background/object) on SUN397. We attribute this difference
to the fact that the background region covers a wider area and
provides more spatial information, which is more conducive to
constructing the geometric graph. Upon increasing the number
of background regions, the improvements are still obvious.

Furthermore, to explore the regional information compre-
hensively, we take both the background and object regions into
account. It is observed that the performance is improved by
0.22% and 0.12% on the two datasets, respectively, indicating
the positive effects of taking both background and object as
discriminative regions. Thus, constructing spatial information

in a complete manner is beneficial for improving the scene
recognition performance.

4) Analysis of different region localization methods: In our
method, we adopt a semantic segmentation model to localize
the regional contents. In addition to semantic segmentation,
some other methods such as object detection can also be used
to localize the regional contents. We demonstrate the visual-
ization of some methods in Fig. 5. Localizing discriminative
objects in images by Region Proposal Network (RPN) [31]
is a widely used in the object detection task. In Fig. 5(a),
we show some examples of localized regions based on the
object detection model (RPN in Faster-RCNN [31] pretrained
on the COCO dataset). As illustrated in Fig. 5(a), the RPN
can localize the regions of the objects. However, RPN can not
comprehensively represent the discriminative contents when
the images contain fewer objects. For example, in the basement
scene, RPN only detects the region of door, desk and chair that
only cover a part of the area of the image. This phenomenon
usually leads to the lack of key information by localizing
regions by RPN.

We also show the semantic segmentation results for several
images in Fig. 5(b). Additionally, we also illustrate the visu-
alization of the bounding box of the semantic segmentation
result in Fig. 5(c). It is observed that when localizing with the
bounding box, redundant irrelevant content is also obtained, re-
sulting in repetitive regional representations. This phenomenon
can lead to semantic confusion inside the bounding box
where one box may contain more than one type of object
or background.

To evaluate the effectiveness of different region localization
methods, we conduct several experiments. In Section III,
we adopt the semantic segmentation network to obtain the
regional amorphous representations called Mask. To explore
the effectiveness of amorphous representations, when using the
semantic segmentation network to extract Mask, we also crop
the bounding box representation of the amorphous regions
simultaneously; this is named Bbox (see Fig. 5(c)). These
extracted representations contain irrelevant redundancy and
ambiguity. Alternatively, we replace the semantic segmentation
network with Region Proposal Network to extract the object
regional features (see Fig. 5 (a)). We note that we use Faster-
RCNN pretrained on the COCO dataset to extract the object
feature in the image, namely, RPN. For fair comparison, all
of the experiments are conducted under two region selection
methods (MR and CM) with geometric relations, and the
number of regions of each region localization method is set
to /6 in MIT67 and /0 in SUN397.

The experimental results are listed in Table V. An exam-
ination of the presented results presented results in several
observations: (1) the regions detected by RPN obtain the worst
performance on both datasets. We attribute this to the fact that
the detection of the object can only cover a part of the scene,
and the lack of the background spatial information leads to
an incomplete scene representations. (2) We also report the
results of Bbox in Table V. We observe that Mask shows an
improvement over theRPN-based method by 1.72% on MIT67



Kitchen Train railway Basement

Hill

Image

(a) Region Proposal
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(b) Semantic
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Fig. 5. Visualization of region localization methods. (a) Visualization of RPN that is implemented based on the Faster-RCNN pretrained on the COCO
dataset. (b) Visualization of semantic segmentation network that is implemented based on DeepLabV2 pretrained on COCO-stuff. (c) Visualization of semantic

segmentation represented in bounding box form.

and by 1.68% on SUN397 in MR operation. This demonstrates
that constructing scene representation in a complete manner is
effective for scene recognition. (3) Compared with Bbox, when
we implement semantic segmentation as an alternative ap-
proach to obtain scene representations in amorphous contour,
the Mask experimental results were improved by 0.15% and
0.17%, respectively, under MR operation, and by 0.07% and
0.2%, respectively, under CM operation. These results indicate
that detecting region boundaries with the content itself may be
more precise and can effectively avoid semantic ambiguity.

TABLE V
COMPARISON OF DIFFERENT REGION LOCALIZATION METHODS.
CLASSIFICATION ACCURACY (%) IS USED AS THE EVALUATION METRIC

Region selection Region localization MIT67 | SUN397
MR CM Mask  Bbox RPN |
Vv - Vv - - 88.06 73.96
Vv - - v - 87.91 73.79
4 - - - N4 86.34 72.28
- V4 Vv - - 87.91 73.85
- v - v - 87.84 73.65
- v - 4 86.57 72.23

D. Comparison with state-of-the-art methods

We also compare our ARG with the existing state-of-the-art
methods with the results shown in Table VI; it is observed

that our ARG outperforms most of the existing methods,
demonstrating the effectiveness and generality of our method.
Most of the compared methods [6], [12], [24], [27], [37], [38],
[46], [54], [56], [58] improve the performance by combing
multiscales and multifeatures. For example, [54] proposes to
fuse scene attribute, object, and scene feature jointly with local
and global scales. In contrast to these methods, ARG only
adopts a single model with single-scale, and gain better per-
formances. Moreover, our ARG also outperforms the current
regular-region-based methods [37], [38], [46], [48], [50], [54],
[56], [58] that obtain the discriminative regions with patches.
The superior performance of our ARG demonstrates that
modeling amorphous regions is effective for scene recognition.
In addition, the performances gain of our ARG relative to the
object-based works [48], [50] shows that modeling contextual
relations between background and object is conducive to scene
recognition. Therefore, these experiments have confirmed the
effectiveness and superiority of ARG for scene recognition.

V. CONCLUSIONS

In this paper, we propose our amorphous region context
graph modeling framework for scene recognition. To obtain
local representation with more precise semantic information
and complete spatial information. In contrast to the previous
methods, we acknowledge the character of regional contents



in the scene images, and obtain the regions of both foreground
and background in an amorphous contour. To explore the
contextual relations between the regions, we reformulate these
representations as nodes, and utilize the GCN operation to
optimize the node representations with the geometric and
morphology contextual relations independently, and generate
the discriminative scene representations. Comprehensive ex-
periments on MIT67 and SUN397 have demonstrated the
effectiveness and generalization of our method on scene recog-
nition.

TABLE VI
COMPARISONS OF OUR METHOD WITH STATE-OF-THE-ART METHODS.
CLASSIFICATION ACCURACY (%) IS SED AS THE EVALUATION METRIC ON
MIT67 AND SUN397 DATASETS. THE BEST RESULT OF EACH DATASET IS
MARKED IN BOLD

Approaches MIT67 | SUN397
C-HLSTM (Places ft) [58] 75.67 60.34
Places365+VGGNet16 [57] 76.5 63.2
MetaObject-CNN [48] 78.9 58.11
MLR+CFV+FCR1-w [50] 82.24 64.53
LS-DHM [9] 83.75 67.56
NNSD [51] 85.4 64.78
VSAD+FV+ Places205-VGGNet-16 [46] 86.2 73.0

PowerNorm [20] 86.3 -
Places401-Deeper-BN-Inception (B2) [44] 86.7 72.0
SDO [6] 86.72 73.41
MP [37] 86.9 72.6
fgFV [29] 87.6 -
MFAFVNet+Places [24] 87.97 72.01
Adi-Red [56] - 73.59
RGB Branch + Sem Branch + G-RGB-H [27] 87.1 74.04
PL+AP+AI+IM [54] 88.06 74.12
ARG(CM+Geometric) 8791 73.85
ARG(CM+Morphology) 87.99 73.41
ARG(MR+Geometric) 88.06 73.96
ARG(MR+Morphology) 88.13 73.58
ARG(PSC+Geometric) 88.06 75.02
ARG(PSC+Morphology) 87.91 74.08
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