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ABSTRACT

OBJECT AUGMENTATION FOR OUT-OF-CONTEXT OBJECT
RECOGNITION

Eryüksel, O�gul Can

M.S., Department of Computer Engineering

Supervisor: Assoc. Prof. Dr. Sinan Kalkan

May 2022, 42 pages

The visual context in an image contains rich information about and between fore-

ground objects and the background. Deep learning models learn contextual informa-

tion implicitly in general. However, since training datasets generally do not include

all possible contexts, deep models tend to memorize contextual details. This can

lead to poor recognition performance when models are deployed in real-world appli-

cations since objects may appear in unexpected contexts or places. These types of

objects are called out-of-context objects. In this work, we propose an object-level

augmentation framework for more robust recognition of out-of-context objects. Our

proposed augmentation methodology applies object removal and object placement

operations to images during the training phase. Moreover, we proposed a contrastive

learning pipeline using object-level augmentations to increase performance further.

Our results show that, by using object-level augmentations and contrastive learning,

the out-of-context recognition performance of models can increase without losing

performance on regular images. To analyze the effectiveness of the proposed method,

we conducted a series of experiments for a multi-label image classi�cation problem

on the MS COCO dataset. Moreover, we provide a tool to generate images with
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out-of-context objects using the proposed augmentation framework.

Keywords: Deep learning, Computer Vision, out-of-context objects, object removal,

object placement, augmentation, multi-label classi�cation
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ÖZ

BA �GLAM DIŞI NESNE TANIMA �IÇ �IN NESNE ÇEŞ�ITL �IL �I �G�I ARTIRIMI

Eryüksel, O�gul Can

Yüksek Lisans, Bilgisayar Mühendisli�gi Bölümü

Tez Yöneticisi: Doç. Dr. Sinan Kalkan

May�s 2022, 42 sayfa

Bir görüntüdeki görsel ba�glam, ön plan nesneleri ve arka plan hakk�nda ve bunlar

aras�nda zengin bilgiler içerir. Derin ö�grenme modelleri, genel olarak ba�glamsal bil-

gileri dolayl� olarak ö�grenir. Bununla birlikte, e�gitim veri kümeleri genellikle tüm

olas� ba�glamlar� içermedi�ginden, derin modeller ba�glamsal ayr�nt�lar� ezberleme e�gi-

limindedir. Bu, nesneler beklenmedik ba�glamlarda veya yerlerde görünebilece�ginden,

modellerin gerçek dünya uygulamalar�nda düşük tan�ma performans�na yol açabilir.

Bu tür nesnelere ba�glam d�ş� nesneler denir. Bu çal�şmada, ba�glam d�ş� nesnelerin

daha gürbüz bir şekilde tan�nmas� için nesne düzeyinde bir çeşitleme çerçevesi öne-

riyoruz. Önerilen çeşitleme metodolojimiz, e�gitim aşamas�nda görüntülere rastgele

nesne kald�rma ve nesne yerleştirme işlemleri uygular. Ayr�ca, performans� daha da

art�rmak için nesne düzeyinde çeşitleme kullanan bir karş�laşt�rmal� ö�grenme hatt�

önerdik. Sonuçlar�m�z, nesne düzeyinde çeşitleme ve karş�laşt�rmal� ö�grenme kulla-

n�larak modellerin ba�glam d�ş� tan�ma performans�n�n normal görüntülerde perfor-

mans kaybetmeden art�r�labilece�gini göstermektedir. Önerilen yöntemin etkinli�gini

analiz etmek için, MS COCO veri setinde çok etiketli bir görüntü s�n��and�rma prob-

lemi için bir dizi deney yap�lm�şt�r. Ayr�ca, önerdi�gimiz nesne çeşitlili�gini art�rma
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yöntemlerini kullanarak ba�glam d�ş� nesnelerle görüntüler oluşturmak için bir araç

sa�gl�yoruz.

Anahtar Kelimeler: Derin ö�grenme, Bilgisayarl� Görü, ba�glam d�ş� nesneler, nesne

ç�karma, nesne ekleme, çeşitleme, çok etiketli s�n��and�rma
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CHAPTER 1

INTRODUCTION

1.1 Motivation: Out-of-Context Object Recognition

In computer vision problems, the importance of visual context in scene interpretation

tasks is well-understood [9]. Unfortunately, to what extent image recognition mod-

els (should) rely on context to produce predictions is unclear. An image recognition

model can easily be fooled when the context of a scene is different from the distribu-

tion of the training data (see Figure 1.1 for some examples). Therefore, it is crucial

to determine these contextual dependencies to better apply our models in real-world

scenarios.

The problem of poorer performance in situations such as those listed in Figure 1.1 can

be attributed toout-of-contextdata distribution. These types of data generally may not

be present in the training data. Furthermore, out-of-context data are not easy to �nd

in public datasets or may be hard to collect. Although we can increase the amount of

out-of-context data, �nding data for all out-of-context scenarios is not possible.

Some examples for out-of-context images can be seen in Figure 1.1. In these out-of-

context examples, the trained models manifest the memorized object-scene relations.

For example, the couch and bed are misclassi�ed as benches since they are in an

outdoor context. However, beds and couches are mostly found in indoor environments

in the training dataset.
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Figure 1.1: Out-of-context image samples [2]. Under each image, multi-label classi-

�cation model, that trained without augmentations, predictions are placed.

1.2 Proposed Methods and Models

Robustness against out-of-context data is an important challenge for many real-world

applications. To address this for object recognition, we propose a method that can

automatically remove and add random objects to the scenes, unlike image-level aug-

mentations that perform transformations at the image level. With these augmenta-

tions, we can increase the generalization performance of a Deep Learning Model

without sacri�cing performance on original scenes.

Object-level augmentations consist of two object-level transformations:

1. Object Removal: Object removal augmentation is applied with a user-de�ned

randomization probability as follows:

(a) Extract the segmentation map and select the segment of an object.

(b) Then remove corresponding pixels of the selected object from the scene.

(c) Apply an image in-painting method to �ll in the deleted pixels according

to the background and the other objects in the scene.

2. Object Placement: Object placement augmentation is applied again with a user-

de�ned probability as follows:

(a) Take a segment for an object from a random image in the dataset.

(b) Then paste the pixels of the selected object to a random location in the

target image.
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(c) Optional: While pasting objects, apply scaling, rotation or color change

on the object pixels.

To evaluate the effectiveness of our method, we conduct experiments with a multi-

label classi�cation (object recognition) problem. For this, we have used the MS

COCO Dataset [10]. To be able to conduct extensive experiments, we have utilized

a mini version of the COCO Dataset [11], which is a carefully chosen subset of the

original dataset that re�ects the methods' performances on the original dataset. We

have converted the COCO mini-train dataset to a multi-label classi�cation dataset,

having a label (tag) for each object category in the scene.

1.3 Contributions of the Thesis

Our contributions are as follows:

� Object-level augmentation for increasing the generalization performance of

deep networks for out-of-context object recognition examples. Although ob-

ject removal [12] and object placement augmentations [7], [13] are used in the

literature separately, their combinations are not investigated for object recogni-

tion in the literature to the best of our knowledge.

� Applying geometric (rotation, �ipping, translation etc.) and color (Gaussian

blur, channel shuf�e, color modi�cations etc.) transformations for object-level.

� A contrastive learning approach using our object-level augmentations to learn

more robust representations for better performance on out-of-context objects.

� A new dataset of out-of-context images, constructed from the MS COCO vali-

dation 2017 dataset using our object placement augmentations.

1.4 The Outline of the Thesis

Chapter 2 reviews the related work and provides the background for the thesis re-

search problem. In Chapter 3, we present our object-level augmentation pipeline in
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detail. Furthermore, the details of the multi-label classi�cation model are explained

in Chapter 3. Then Chapter 4 describes our experimental setup, the experiments, and

the results. Finally, Chapter 5 concludes the thesis with a summary and a discussion

of limitations.
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CHAPTER 2

BACKGROUND AND RELATED WORK

2.1 Out-of-Context Object Recognition

Visual context is a rich source of information about how the scene and objects are

related. This relationship can be between the relative positions of objects or where

they are located in the scenes. Some objects may be more likely to coexist in the same

environment, e.g., trees and birds. Furthermore, particular objects are more likely to

coexist with a special relationship in speci�c environments, like cars on the road.

Objects that are in different environments or in combination with different objects

than they usually should be are called “out-of-context” objects [3]. Recognizing out-

of-context objects is generally more challenging than recognizing in-context objects

since recognition models “learn” relations between context and objects. Increasing

the recognition performance on out-of-context objects provides an important step for

solving real-world problems more ef�ciently.

Deep neural network models can quickly memorize information between objects and

the scene context. Furthermore, they tend to memorize contextual information be-

tween objects that are seen together often. Object removal augmentations may help

models overcome these types of situations. For example, Shetty et al. [12] showed

that the object removal approach could increase the robustness of model predictions

in out-of-context object conditions.

There have been many studies focusing on out-of-context object recognition. For

example, Choi et al. [3] proposed a method to identify out-of-context objects and

scenes. Their method relies on using contextual relationships between objects. They

have created a scene-object relation graph for each scene and built a model that can
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use such a graph, as seen in Figure 2.1.

Figure 2.1: Scene-object context relation graph mechanism of Choi et al. [3] (Image

taken from [3]).

Shetty et al. [12] used data augmentation based on object removal to investigate the

nature of context relation of objects for semantic image segmentation and classi�ca-

tion problems. Their approach showed that object removal-based data augmentation

could increase accuracy on out-of-context conditions without compromising perfor-

mance on common data scenarios.

Divornik et al. [13] utilize instance segmentation annotations in the augmentation

pipeline. They used visual contextual information in an image to �nd an appropriate

location while placing an object. They show that with the help of visual contex-

tual modeling, object placement augmentations can increase mean average precision

(mAP) for object detection problems.

Ghiasi et al. [7] proposed a simple copy-and-paste data augmentation scheme to

increase accuracy, for instance segmentation problems. Their method copies random

instances to the target image. By applying these augmentations, they have improved

the mean average precision (mAP) score on the MS COCO dataset.

Ntvalies et al. [14] proposed a framework for semantic scene editing to add, manip-

ulate or erase objects. Their method depends on Generative Adversarial Networks

(cGANs) to edit images. This type of image editing is getting more and more widely

used.
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2.2 Deep Image Classi�cation

Image classi�cation is one of the most known and studied problems in Computer Vi-

sion. The image classi�cation task aims to recognize the foreground objects in the

scene. Deep Learning based approaches have become very popular and dominant in

Computer Vision after the seminal AlexNet model [15] achieved incredible perfor-

mance improvement on ImageNet Classi�cation Challenge [16]. After the extraor-

dinary success of the AlexNet, better, more complex, and more robust Deep Neural

Network architectures are proposed. Even today, new architectures appear in litera-

ture, pushing the state-of-the-art performance on the ImageNet challenge. However,

out-of-context prediction problems have not been suf�ciently studied or addressed,

even with the most complex model architectures.

2.2.1 Multi-label Image Classi�cation

In conventional image classi�cation, images contain only one label. On the other

hand, scenes may have more than one label in multi-label image classi�cation. There-

fore, multi-label classi�cation can be considered an extended version of the classi�ca-

tion problem. Although the same network architectures may be used for multi-label

classi�cation, some changes need to be applied in practice: For example, the loss

function and the evaluation metrics should be changed for multi-label classi�cation.

2.3 Image Augmentation

Deep Neural Networks have accomplished astonishing results in Computer Vision

tasks. However, they generally depend on big data to achieve remarkable perfor-

mance. Unfortunately, a limited amount of labeled data is available for some Com-

puter Vision tasks. Also, it can be tricky (or impossible sometimes) to increase la-

beled data. To overcome these issues, data augmentation methods are generally used.

Moreover, data augmentation is a bene�cial method to increase the generalization

of deep models. With data augmentation, Deep Neural Networks can perform more

robustly in real-world conditions [17].
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In this section, different image augmentation strategies are explained.

2.3.1 Image-Level Augmentations

Image-level augmentations are transformations that modify color, orientation, size,

etc. Examples include horizontal/vertical �ip, rotation, random cropping, color space

transformations, noise addition, etc. Image-level augmentations are very popular and

widely applied in Computer Vision problems. They are accommodated to increase

data diversity and generalization. In Figure 2.2, various widely-used image-level

augmentations are visualised.

Figure 2.2: Some image-level augmentation examples (Image taken from [4]).
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