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INTRODUCTION

2

Human-object interaction (HOI) detection is a popular computer vision task that
detects interactions between humans and objects. This task can be useful in many
applications that require a deeper understanding of semantic scenes. Current HOI de-
tection networks typically consist of a feature extractor followed by detection layers
comprising small filters (eg, 1 X 1 or 3 X 3). Although small filters can capture local
spatial features with a few parameters, they fail to capture larger context information
relevant for recognizing interactions between humans and distant objects owing to
their small receptive regions. Hence, we herein propose a three-stream HOI detection
network that employs a context convolution module (CCM) in each stream branch.
The CCM can capture larger contexts from input feature maps by adopting combi-
nations of large separable convolution layers and residual-based convolution layers
without increasing the number of parameters by using fewer large separable filters.
We evaluate our HOI detection method using two benchmark datasets, V-COCO and
HICO-DET, and demonstrate its state-of-the-art performance.
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location density map from the appearance of a detected human.
Chao and others [12] introduced a multistream model combin-

Human-object interaction (HOI) detection aims to detect
human and object locations and classify their interactions
at the instance level (eg, a person riding a bike, carrying a
backpack, and throwing a frisbee), which can be formulated
as detecting a triplet (human, action, and object) [1-5]. This
task is beneficial to many applications that require a deeper
understanding of semantic scenes, such as video surveillance
[6-9] and visual question answering [10].

Recently, HOI detection methods based on deep learning
have improved considerably. Gkioxari and others [11] pro-
posed a model to predict HOI detection based on an object

ing visual features and spatial locations to detect HOIs from
images. Shen and others [13] scaled HOI recognition to the
long tail of categories through the zero-shot learning method
to predict unknown verbs and objects. Gao and others [14] ex-
ploited an instance-centric attention module to selectively ag-
gregate features relevant for recognizing HOIs and to enhance
information from the region of interest. Previous studies typi-
cally employed a feature extractor followed by detection layers
comprising convolution layers with small filters (eg, 1 X 1 or
3 X 3) because small filters can capture local spatial features
with only a few parameters. However, because of their small
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receptive regions, small filters fail to capture larger context
information from input feature maps, which can be useful for
recognizing interactions between humans and distant objects.
Figure 1A shows that the instance-centric attention network
(ACAN) [14] method fails to detect the HOIs of a person on
the left wearing a yellow shirt, who is throwing a frisbee, and
a person on the right wearing a sky blue shirt, who is looking
at another person.

Inspired by [15] wherein large separable convolution lay-
ers were used for semantic segmentation to improve classi-
fication and localization on large-scale objects, we herein
propose a three-stream HOI detection network that employs
a context convolution module (CCM) in each stream branch.
The CCM adopts combinations of large separable convolu-
tion layers and residual-based convolution layers to capture
larger context information from input feature maps. We used
fewer filters in the CCM to reduce the number of network
parameters increased by larger filters employed in the CCM.
Furthermore, we conducted extensive experiments on two
benchmark datasets, V-COCO [5] and HICO-DET [12], and
demonstrated that our method outperformed existing HOI de-
tection methods.

In summary, our main contributions are two-fold:

1. Considering the importance of larger spatial features
required for detecting interactions of humans and distant
objects, we propose using a CCM in each stream branch
of our three-stream HOI detection network to capture
larger contexts from input feature maps by adopting
combinations of large separable convolution layers and
residual-based convolution layers without increasing net-
work parameters.

T
(s ]|

hold frisbee

% A

(A)

ETRI Journal—WlLEYM

2. We performed extensive experiments on two benchmark
datasets and demonstrated that our method outperformed
existing HOI detection methods.

The remainder of the article is organized as follows:
Section 2 presents the related work regarding HOI detection.
Section 3 describes the details of our proposed method and
also elaborates our experiments and discusses our results.
Section 4 concludes the paper.

2 | RELATED WORK
This section reviews prior works related to visual relation-
ship detection, context embedding, and HOI detection.

2.1 | Visual relationship detection

Visual relationship detection involves detecting objects
in images and classifying the relationships between them
[16-23]. Lu and others [17] proposed a model that learned
the visual appearance of objects and predicates; addition-
ally, they combined the model with language priors from
semantic embedding. Zhang and others [20] introduced a
new model that used end-to-end and fully convolution net-
works comprising an object detector, differentiable feature
extraction layer, and visual translation embedding layer
to classify visual relationships. Although these studies are
interesting, our focus is on HOI detection, which is a hu-
man-centric problem, to detect action interactions between
humans and objects.
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FIGURE 1 (A) Results using iCAN [14]. (B) Results using our method. The iCAN method fails to detect the HOIs of a person wearing
a yellow shirt, who is throwing a frisbee (left), and a person wearing a sky blue shirt, who is looking at another person (right)



2 | WILEY-ETRI Journal

SIADARI ET AL.

2.2 | Context embedding

Context embedding is typically used in semantic segmenta-
tion [24-26]. Zoom-out [24] proposed a model that used mul-
tilevel and zoom-out feature maps; additionally, they trained
multilayer neural networks to conduct pixel-wise classifica-
tion. Parse-Net [25] introduced a model that adds a global
pooling branch into deep convolution networks to extract
context information. Dilated-Net [26] presented a model that
systematically aggregates multiscale context information
using dilated convolutions; this helps to extend the receptive
field exponentially without losing coverage.

2.3 | HOI detection

HOI detection focuses on detecting humans and surround-
ing objects and then predicts the interactions between
them [1-5]. Recently, several large-scale datasets, such as
HICO-DET [12] and V-COCO [5], have been proposed for

the investigation of HOI detection by providing bounding
boxes for humans and objects along with the correspond-
ing action interactions. Gkioxari and others [11] proposed
a model to predict HOI detection based on an object loca-
tion density map from the appearance of a detected human.
Chao and others [12] introduced a multistream model com-
bining visual features and spatial locations to detect HOIs
from images. Shen and others [13] scaled HOI recognition
to the long tail of categories through the zero-shot learn-
ing method to predict unknown verbs and objects. Gao and
others [14] exploited a new attention network by highlight-
ing the multistream instance features for recognizing HOIs
and enhanced the information from the region of interest.
Unlike our model, all previous studies employed a feature
extractor followed by detection layers comprising convolu-
tion layers with small filters (eg, 1 X 1 or 3 x 3) but failed
to capture larger context information relevant for recogniz-
ing interactions between humans and distant objects. We
herein propose a model that manages to capture larger con-
texts from input feature maps.

Three-stream network
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FIGURE 2 (A) Overview of our HOI detection network. (B) Human stream branch as part of the three-stream network. GAP and FC

stand for global average pooling and fully connected layer, respectively
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3 | PROPOSED METHOD

3.1 | Overview

The architecture of our proposed HOI detection network is
shown in Figure 2A. It comprises ResNet-50 [27] as a feature
extractor and a three-stream network comprising object stream,
human stream, and human—object pair stream branches. The
object stream branch exploits instances detected as objects
to which humans intend to interact, while the human stream
branch focuses on the human, an actor who interacts with ob-
jects. The human and object stream branches have the same
principal architecture, as shown in Figure 2B. The human—ob-
ject pair stream branch learns rich feature embeddings to pro-
duce a spatial relationship between a human and an object.
Each branch of the three-stream network employs a CCM, as
shown in Figure 3, to capture larger contexts.

The HOI detection task was conducted as follows: given an
input image /, we first detected human and object candidates
from the image using Detectron [28] and retained only the
bounding box information for instances where the confidence
score was more than a specific threshold. Subsequently, we
used ResNet-50 [27] to extract feature maps that will be used
for the human and object stream branches only. The human—
object pair stream used a two-channel binary image from the
input image. Each branch calculated its action score, but the
final HOI score was the element-wise addition of scores from
all branches.

3.2 | Three-stream network

Our three-stream network was adopted from [14]. The
three-stream network uses two inputs, feature maps F ex-
tracted by ResNet-50 for the human and object streams,
and a two-channel binary image for the human-—object
pair stream. Within the human or object stream, an ROI
pooling, residual block (res5), CCM, average pooling
layer (GAP), and fully connected (FC) layer were em-
ployed. In the human stream branch, ROI pooling crops
the feature maps of human instances, while in the object
stream branch, ROI pooling crops the feature maps of ob-
ject instances. Xj; is the feature map generated from ROI
pooling, res5, CCM, GAP, and FC, while X;, and X5 are
feature maps generated from two CCMs. Intuitively, X,
is a local feature with small receptive fields focusing on
human or object instances, and Xj, and Xj; are global fea-
tures with larger receptive fields from an input image, as
described in Figure 2B. An element-wise multiplication of
X, and Xj, followed by softmax was used to produce an
attention map for target instances. The final feature maps
that represent the human X, is a concatenation of local and
global features.

The human—object pair stream comprises two convolution
layers followed by the CCM. To extract the spatial features
of the human—object pair from an image, we converted an
input image into dual spatial masks by encoding a union of
two types of bounding boxes, that is a human and an object.
For example, given an input image that contains a pair of
human and object bounding boxes, as shown in Figure 2A,
we represent the spatial relationship between these two using
a two-channel binary image of size 64 X 64. The first chan-
nel represents the human mask, and the second channel the
object mask.

33 | ccm

Motivated by [15] where large separable convolution layers
were used for semantic segmentation to improve classifica-
tion and localization on large-scale objects, we herein pro-
pose a new module called the CCM to capture larger context
information relevant to interactions between humans and
distant objects from input feature maps. The CCM adopts
combinations of large separable and residual-based convolu-
tion layers, as shown in Figure 3. The first large separable
convolution layers (on the left) comprises convolution layers
with k X 1 and 1 X k, while the second separable convolution

Win 2 I—Iin X Cin
Conv Conv
kX 1X 1 X kX
Cin X Ccut Cin X Coul
Conv Conv
1 X kX kX 1X
Cout X Caut Cout X Cout

¢

Conv + ReLU
3 X3 X
Cout X Cout

Conv
3 X3X
Cout X Cout

Wout X Hout X Cout

FIGURE 3 Context convolution module. Wy, H;,, C;, are the
width, height, and channels of the input feature maps, respectively,
while W, H

out> “~out>

C,,; are the width, height, and channels of the output
feature maps from the CCM
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layer (on the right) comprises convolution layers with 1 X k
and k x 1. Subsequently, we conducted an element-wise ad-
dition for the outputs of these two separable convolution
layers followed by the residual-based convolution layers of
small kernel size. It is noteworthy that the third layer was em-
ployed with a convolution layer containing a rectified linear
unit. The other layers were employed with a linear activation
function.

3.4 | Training

The training of our three-stream HOI detection network is
defined as a multitask learning that jointly trains all stream
branches with a single loss. We applied a sigmoid binary
classifier for each action category and minimized the cross-
entropy loss between the predicted score and the ground
truth. We considered HOI detection as a multilabel classifica-
tion problem because a person may be involved in more than
an action interaction. Each action was independent and not
mutually exclusive. The overall loss is defined as a weighted
sum of three branch losses, formulated as follows:

La:Wh*Lh+Wo*Lo+Who*Lho’ (1)

where L, L,, and L, are the action classification loss from
the human stream, object stream, and human—object pair
stream branches, respectively. wy, w,, and wy,, are weights ap-
plied to each corresponding branch loss and are empirically
set as wy, = 2, w, = 1, and wy, = 1, respectively. Therefore,
L,=2%*L,+ L, + L, Additionally, the human stream was
computed over 16 bounding boxes at the most, which were pre-
dicted as the human instances. The loss for the human—object
pair stream was only computed on positive triplets.

3.5 | Inference

During inference, we calculated the triplet of the HOI detec-
tion scores for the human S, object S,, and human—object
pair Sy, The total score S, is computed as

Sa=Sh+So+Sho' (2)

First, we computed the HOI detection scores for the
human and object streams. Subsequently, we calculated the
HOI detection scores for every candidate human—object pair
in the human—object pair stream branch. Calculating every
candidate human—object pair is intractable. Therefore, we
implemented predefined relevant object categories as prior
knowledge (eg, pizza is irrelevant to the action ride but
relevant to the action “eat”) and filtered out irrelevant de-
tected objects to particular actions for each human—object

pair, as in [5]. Subsequently, we selected objects that max-
imized the triplet score S, within each relevant category
that to be higher than the threshold. With this selection, we
obtained a triplet score of the human, action, and object.
For the final output, we show the bounding boxes of the
human and interacted object, along with the respective HOI
actions. For HOI actions that do not associate with any ob-
jects (eg, walk, smile), we only used the action score from
the human stream network.

4 | EXPERIMENTS
4.1 | Dataset and metrics
411 | V-COCO

The popular benchmark V-COCO dataset [5] is a subset of
COCO [29] that comprises 10 346 images including 2533
images for training, 2867 for validating, 4946 for testing,
and 16 199 person instances. Each person in an image has
an average of 2.9 actions categories. V-COCO has 26 ac-
tion class annotations. Cut, eat, and hit classes are labeled
with two different objects: instrument and direct object.
We treat these three actions as six different action catego-
ries [5].

4.1.2 | HICO-DET

HICO-DET [12] is an extension of the previous dataset
called HICO [30], where multiple detection annotations
are provided in an image. This dataset comprises 47 774
images annotated with 600 HOI categories (eg, ride-motor-
cycle, ride-horse). From the HOI categories, it has 117 ac-
tion labels and 80 objects with an average of 6.5 actions on
each object. As each image may have multiple HOI labels,
the total annotation for HICO-DET reaches 150K annota-
tions. The training data were set to be 80% of the dataset
with 38 116 images, and the testing data were 20% with
9958 images [12].

413 | Metrics

We evaluate our experiments using the average precision
(AP or AP, as in V-COCO) for each action and mean aver-
age precision (mAP) for the overall performances following
[11]. The mAP is formulated as

N
1
AP=1 3 AP, 3
m N; , 3
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where N is the total number of HOI categories. The AP role in
the HOI detection is the AP of the target of interest in the trip-
let of human, verb, and object [5]. A true-positive triplet can be
obtained if three conditions are satisfied: (a) Intersection-over-
union (IoU) of ground truth and the prediction of the human
bounding box is more than 0.8, (b) IoU of ground truth and the
prediction of the object bounding box is more than 0.4, and (c)
the ground truth and predicted human actions labels are matched.

4.2 | Implementation details

In this article, we used Detectron [28] with a feature pyramid
network [31] built on the ResNet-50 backbone [27] to generate
human and object bounding boxes from the images. We only
retained human bounding boxes that have a confidence score
higher than 0.8 and object bounding boxes that have a confi-
dence score higher than 0.4. For the feature extractor, we em-
ployed ResNet-50 [27]. During the training and inference, we
froze ResNet-50 and only used it as a feature extractor. In the
CCM, we set the kernel size (k) as 15, C;q as 21, and C, as
21. Therefore, we could incorporate the entire feature map yet
used only a few channels. A three-stream network was trained
for 300K iterations on the training set with a learning rate of
1073, wei ght decay of 107, and stochastic gradient descent opti-
mizer of momentum 0.9 on a single NVIDIA GTX1080 GPU.

TABLE 1
in mean average precision (mAP) (%)

Comparison results on V-COCO. Results are reported

Method mAP (%)
Gupta et al [5] 31.8
InteractNet [11] 40.0
GPNN [32] 44.0
iCAN [14] 44.7
Ours 45.3

Bold values indicate the highest performance scores obtained from the
corresponding experiments

TABLE 2 Comparison results on
HICO-DET dataset. Results are reported in

mean average precision (mAP) (%) Method

Shen et al [13]
HO-RCNN [12]
InteractNet [11]
iHOI [33]
iCAN [14]

Ours

In addition, the input ratio of our implementation was 2:1 for the
negative and positive triplets of the HOIs (human, action, and
object).

43 | Results

We compare the results of our proposed method with those of
previous HOI detection methods. Tables 1 and 2 show that our
method outperforms other competing methods. For experiments
on V-COCO, our method achieves 45.3%, gaining 0.6 points
compared with the best-performing existing method iCAN [14].
As for the HICO-DET dataset, our method achieves the best per-
formances on Full Default Object, Non-Rare Default Object, Full
Known Object, and Non-Rare Known Object with improvements
of +0.87, +1.49, +1.15, and +1.65, respectively. However, our
method achieved worse results than iCAN on Rare objects for
Default and Known objects. We believe that our method requires
more samples to learn the larger context information from images,
as we empirically demonstrated the highest improvement on Non-
Rare objects.

TABLE 3 Comparison results using CCM on two scenarios: (1)
only on human and object streams; (2) on all three streams

Method mAP (%) Size (MB)

iCAN [14] + 1 FC 43.8 571.1

Ours w/CCM on human and 444 410.0
object stream (1 FC)

Ours w/CCM on human and 44.8 425.0
object stream (2 FCs)

Ours w/CCM on all three- 44.8 364.6
stream branches (1 FC)

Ours w/CCM on all three- 453 374.4

stream branches (2 FCs)

Bold values indicate the highest performance scores obtained from the
corresponding experiments

Default Known object
Full Rare Non-rare  Full Rare Non-rare
6.46 4.24 7.12 N/A N/A N/A
7.81 5.37 8.54 10.41 8.94 10.85
9.94 7.16 10.77 N/A N/A N/A
9.97 7.11 10.83 N/A N/A N/A
12.80 8.53 14.07 14.70 10.79 15.87
13.67 7.59 15.49 15.85 10.26 17.52

Bold values indicate the highest performance scores obtained from the corresponding experiments
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FIGURE 4 Visualization of HOI detection using our method. This figure illustrates the detected triplet of (human, action, and object)

44 | Ablation

In this section, we discuss the effectiveness of the CCM in two
scenarios: 1) employing the CCM on only the human and ob-
ject streams and 2) employing the CCM on all three streams.
For each scenario, we compared two conditions by using only
a single FC layer (1 FC) and two FC layers (2 FCs) in each
branch of the three-stream network. Using 1 FC, we obtained
even fewer parameters (lighter model). For a fair comparison,
we present the iCAN performance in two scenarios by using
only 1 FC (without dropout) and 2 FCs (results in Table 2) in
each branch of its three-stream network. The overall results are
reported in Table 3. In the first scenario, our method achieved
44.4% and 44.8% when the human and object streams em-
ployed 1 FC and 2 FCs, respectively. In the second scenario,
we employed the CCM on the human, object, and human—ob-
ject pair streams. We demonstrated that the performance of our
method without the CCM on the human—object pair stream
with 2 FCs are the same as that of our method using the CCM
on all three streams with 1 FC. However, employing the CCM
on all three streams resulted in fewer parameters. Finally, the

best-performing model is when the three-stream network em-
ploys the CCM on all its three streams with 45.3%. Therefore,
we have empirically proven that the CCM improves HOI de-
tection performance while using fewer network parameters. In
addition to these quantitative results, we show the qualitative
results from using our method in Figure 4.

5 | CONCLUSION

We herein proposed a three-stream HOI detection network that
employed a CCM in each of its stream branches. Using our
method, we could capture larger context information relevant
for recognizing interactions between human and distant objects
from input feature maps. The proposed method was evaluated
over two public benchmark datasets. Results from extensive ex-
periments demonstrated the effectiveness of our method, which
outperformed the state-of-the-art HOI detection methods.
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