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Abstract

Multi-object detection is a task finding multiple-objects on an input image.

In multi-object detection, an object is represented as a bounding box with its

class information. The bounding boxes consist of 4-coordinates (left, top, right,

and bottom). Since convolutional neural networks have been developed, multi-

object detection algorithms have achieved a substantial improvement.

Unlike the other computer vision tasks such as image classification, each

input image has an inconsistent number of target bounding boxes and class la-

bels in multi-object detection. This makes the training of multiple object detec-

tors difficult. Thus, the fundamental problem in training a multi-object detection

network is, “How can the network learn varying number of bounding boxes in

different input images?”.

To learn varying number of bounding boxes, the previous multi-object de-

tectors generally use the training procedure that discretizes the bounding box

space and directly assigns the ground truth bounding boxes to the network’s

output. Since this training method does not directly model a variable number of

bounding boxes, it requires some hand-crafted components and procedures ad-

ditionally to the training, which makes the training too complicated and heuris-

tic.

In this dissertation, we aim to directly model the varying number of bound-

ing boxes and simplify the complex processing and heuristics of training multi-

object detector. To this end, we reformulate the multi-object detection task as

a problem of density estimation of bounding boxes. Instead of assigning each

ground truth to specific locations of the network’s output, we train a network
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by estimating the probability density of bounding boxes in an input image us-

ing a mixture model. For this purpose, we propose a novel network for multi-

object detection called mixture density object detector (MDOD), and the corre-

sponding objective function for the density-estimation-based training. We apply

MDOD to the public multi-object detection dataset. Our proposed method not

only deals with multi-object detection problems in a new approach, but also

improves detection performances.

In addition, we introduce some applications of MDOD in other research

topics. First, we use MDOD to replace non-maximum suppression-based post-

processing in multi-object detection. Second, we apply MDOD for multi-person

pose estimation. Through these examples, we show that MDOD is applicable to

other research topics as well as multi-object detection.

keywords: Multi-object detection, mixture model, density estimation, prob-

ability distribution, deep neural network

student number: 2015-26045
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Chapter 1

Introduction

Multi-object detection is the task of finding the positions of changing number

of objects on an image and their class information. Espescially for the object

localization, multi-object detection algorithms utilize bounding boxes. As can

be shown in Figure 1.1, an object is represented as a bounding box and its cor-

responding class information. The bounding box indicating the position of the

object consists of the following four-coordinates: (left, top, right, bottom) or

(center x, center y, width, height).

Multi-object detection has been one of the popular research topics in com-

puter vision. Unlike image classification which is another representative task of

computer vision, multi-object detection requires both localization and classifi-

cation for multiple objects on an input image. It gives the practicality to multi-

object detection, so that, multi-object detection goes beyond the scope of re-

search and is actively used for many problems in a real-world environment.

Multi-object detection is applied to the visual recognition of various intel-

ligent systems such as autonomous vehicles, security systems, and robots. For

example, in an autonomous driving system, multi-object detection is used to
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Figure 1.1: Illustration of multi-object detection. Multi-object detection is the

task of localizing multiple objects and classifying its class. An object is repre-

sented as a bounding box and its class information.

detect the location of objects such as vehicles, people, and traffic signs on the

road. The detection results are used as an important information for driving and

decision. In autonomous driving, a low detection performance or delay in run-

ning time can lead to a fatal impact on safety. Thus, the multi-object detection

algorithm must guarantee a high performance, a lot of research is still needed in

spite of many advances during the recent decade.

Since convolutional neural networks (CNNs) have been actively applied in

the field of computer vision, multi-object detection algorithms have achieved

significant improvement in terms of detection performance and computational

efficiency, and now they have reached a level that can be used in real life and

industry.

There are three main concerns in multi-object detection research. The first

is about the structure of the multi-object detector. It aims to find a more efficient

network structure for its parameters and improve the inference speed versus the

2



detection performance. The second is about the training process of the multi-

object detector. Usually, many researchers mainly focus on problems of objec-

tive functions or training procedures, and suggest ways to improve them. The

third is about a distinctively different method of multi-object detectors. With a

new training methodology, a network structure suitable for the proposed method

can be newly suggested. They often open up a new branch of multi-object de-

tectors.

In this dissertation, we intend to develop a novel multi-object detector that

approaches the multi-object detection task differently from the previous meth-

ods. The previous methods proposed to improve the training rely on hyper-

parameters or additional hand-crafted process. This makes the learning of a

multi-object detection network complicated and heuristic. This gives an limi-

tation to the development of multi-object detection. Unlike the previous works,

the goal of this dissertation not only includes the improvement of the detec-

tion performance but also the simplification of the training procedure for the

multi-object detection network, reducing heuristic aspects of it. To this end, we

reformulate the multi-object detection task as a density estimation of bound-

ing boxes for an input image. Also, we propose a new multi-object detector for

density estimation and the objective function to train it.

1.1 Problem definition:

training of a multi-object detection network

Compared with other visual recognition tasks such as image classification, and

semantic segmentation, the fundamental difference between multi-object detec-

tion and these can be seen as the number of targets corresponding to an input

3
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Figure 1.2: Illustration of the conventional training method of multi-object de-

tection network.

image. In the image classification task, an image sample is annotated as a one-

class label per input image. In the semantic segmentation task, an image pixel

has a one-class label. On the other hand, in multi-object detection, the number

of targets for an input image is not static. Each image sample has a different

number of bounding box coordinates and a corresponding class label.

Since the number of target bounding boxes is variable, the output of the

network does not correspond one-to-one with the target. Thus, the fundamental

problem in training multi-object detection network is, “How can the network

learn varying number of bounding boxes in different input images?”.

As an answer to this question, earlier studies such as R-CNN [22] or Fast R-

CNN [21] use the conventional computer vision-based localization algorithms

such as Selective Search [60] and Edge Boxes [75] to obtain Regions of Inter-

ests (RoIs). And then the network predicts the bounding box for each RoI. Here,

RoI is a local image patch on an input image. These methods can be thought of

as replacing the multi-object detection problem with a single object detection
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problem of the local image patch (RoI). However, these methods require a sep-

arate conventional computer vision algorithm to localizes objects. This acts as

a bottleneck of inference speed, and a limitation of improving localization per-

formance.

After that, the training methods have been developed to learn a variable

number of bounding boxes by discretizing the bounding box space and directly

assigning the ground truth to the network’s output. These methods use the ref-

erence porins and the matching algorithm. The reference points refer to coordi-

nates of default bounding box position such as spatially aligned anchor box and

center coordinates. And, the matching algorithm determines the assigned loca-

tion by comparing reference points with ground truth bounding boxes. Figure

1.2 shows the procedure of reference matching-based training method. First,

the matching algorithm compares the ground truth bounding boxes and refer-

ence points such as anchor boxes or center coordinates, and determines whether

match or not. Second, as a result of the matching algorithm, the network output

of the reference point location matched with the ground truth bounding box is

extracted as the ground truth assignment location. Third, targets for each ground

truth assignment location are produced. The target is generally calculated based

on the difference between the ground-truth bounding box and the matched ref-

erence point. Finally, the loss is calculated and the network learns the generated

target through the assigned locations. Here, the unassigned locations are con-

sidered background areas, and are not learn the coordinates of the ground truth

bounding box. (see Figure 8.1 in Appendix)

This conventional training method does not directly model a variable num-

ber of bounding boxes, but it is possible to learn varying numbers of bounding

boxes through reference points and a matching algorithm. Also, unlike R-CNN
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and Fast R-CNN, it does not requires a Selective Search, and an Edge Box algo-

rithm. The reference point-based training method has become the mainstream

of multi-object detection.

However, in order to successfully train a multi-object detection network

through this procedure, thoughtful consideration for each step is required.

Matching algorithm: In both the localization and the classification, there is

a need for a matching strategy to measure between the ground truth bounding

boxes and the network output using some criteria, and determine the location

of the network output to which the ground truth will be assigned. For example,

the methods using anchors measure the Intersection over Union (IoU) between

the anchor boxes and ground truths, or the methods using center point measure

the distance from the center of the ground truth. Since it is the process of di-

rectly generating the target for each prediction and the ground truths that do not

matched are ignored, the learning and the performace of a detector network are

highly sensitive to the matching algorithm [64].

Scales and aspect-ratios of anchor boxes: Design of anchor boxes [55, 53] is

known as sensitively affect the detection performance. Anchor boxes are still

used as reference points in a lot of multi-object detection algorithms. In these

method, a ground truth bounding box must be assigned to one or more anchor

box(es) for training a network. When using a generally used matching algo-

rithm, it is known that the detection performance is highly dependent on the

scale, aspect-ratios, and number of anchor boxes [55, 53]. Therefore, anchor

boxes with various scales and aspect-ratios are needed to cover the space in

which a ground truth bounding box can exist on an image.

Foreground-background imbalance: In training classification information, there
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exists a severe imbalance between foreground and background. By the match-

ing result, the assigned locations of the network output are considered as fore-

ground areas and are trained by the ground truth bounding box. On the other

hand, the unassigned locations are trained to be classified as background areas.

Since unassigned locations generally outnumber the assigned ones, there exists

a severe imbalance between the number of assigned locations and unassigned

locations. This problem is called foreground-background imbalance and makes

the training of the network difficult. In the previous works, separate processes

such as heuristic sampling or focal loss are required to alleviate the foreground-

background imbalance.

The above components of the conventional training method make the training

of a multi-object detection network too heuristic and complicated, and make the

detection performance sensitive to the related hyper-parameters.

1.2 Approach: density estimation-based training

The goal of this dissertation is to propose a novel method to train the multi-

object detection network without the conventional training method that uses

reference point matching, and remove the complex processings in the training

of the detector. To this end, we reformulate the multi-object detection task as a

density estimation of bounding boxes for an input image. To perform the density

estimation of bounding boxes, we propose a new multi-object detector, called

mixture density object detector (MDOD), and the objective function to train it.

This dissertation introduces the three-version of MDOD:

Mixture density object detector (MDOD): The proposed MDOD captures

7
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Figure 1.3: Illustration of the density estimation-based training method of multi-

object detection network. The training is performed by estimating the density of

bounding box through a mixture model.

the distribution of bounding boxes for an input image using a mixture model

of components consisting of continuous (Gaussian) and discrete (categorical)

probability distribution. For each component of the mixture model, the contin-

uous Gaussian distribution is used to represent the distribution of the bounding

box coordinates (left, top, right, and bottom) and the categorical distribution

is used to represent the class probability of that bounding box. For training,

MDOD uses the probability density function of the mixture model. For local-

ization, the MDOD is trained to maximize the log-likelihood of the estimated

parameters for the mixture of Gaussian (MoG) given the ground truth bounding

boxes of input images. In classification, to include the background class into

the learning process, we propose region of interest (RoI) sampling. The RoIs

are stochastically sampled from estimated MoG. To learn categorical distribu-

tion, the log-likelihood is maximized for the sampled RoIs instead of the ground

truth bounding boxes. In this process, ground truth bounding boxes are learned

statistically by the probability density function of the mixture model, instead of

8
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Figure 1.4: Illustration of the modified density estimation-based training method

of multi-object detection network. The training is performed without any addi-

tional processing to calculate loss.

being explicitly assigned to the specific location of the network’s output through

reference point matching.

Mixture Density Object Detector Version2 (MDOD-V2): Which model is

used to estimate the probability distribution is important in terms of density esti-

mation. MDOD estimates the distribution of bounding box coordinates through

MoG. In MDOD-Version2 (MDOD-V2), we introduce the problem of the mix-

ture model using Gaussian distribution, and re-design the mixture model. MDOD-

V2 estimates the distribution of bounding box coordinates through a Mixture

of Cauchy (MoC). In addition, in terms of the network structure, we also re-

design the network architecture of MDOD-V2. The modified architecture makes

MDOD-V2 more flexible to learn bounding boxes. Through a re-designed mix-

ture model and network architecture, MDOD-V2 shows higher detection per-

formance (APs) comparing to the previous MDOD.

Mixture Density Object Detector without RoI sampling: Through the mix-
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ture model-based density estimation, MDOD is trained without the conventional

reference matching-based training method, and reduces the complex processing

and heuristics of the training multi-object detection. However, MDOD requires

RoI sampling which is additional processing to learn the categorical distribu-

tion. To train MDOD without RoI sampling, we propose another version of

MDOD which is called MDOD-FG. Instead of learning the background proba-

bility through RoIs, MDOD-FG indirectly learns the foreground score through

the ground truth bounding boxes. MDOD-FG can be trained by maximizing the

log-likelihood of the mixture model for the ground truth bounding boxes with-

out the any additional processing.

1.3 Contributions

The main contributions of this dissertation are summarized as the following five-

folds:

Reformulate the multi-object detection task: We reformulate the multi-object

detection task as a density estimation of bounding boxes for an input image.

Since the conventional multi-object detection methods cannot directly model

various numbers of bounding boxes, it performs training rely on heuristic and

hand-crafted processing. Also, this makes training of multi-object detection net-

works complicated. But, our proposed method statistically learns various num-

bers of bounding boxes through density estimation. This newer task definition

allows the detector to be viewed from a different direction and helps to simplify

the training process.

The mixture model for bounding box distribution: Since the bounding box
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distribution for an input image can be multi-modal, we propose the mixture

model to capture this distribution. The mixture component of our mixture model

consists of the continuous distribution for representing bounding box coordi-

nates, and the discrete categorical distribution for representing bounding box

class probability. In this dissertation, we design the two-type of mixture model:

the mixture model with Gaussian distribution, and the mixture model with Cauchy

distribution. In the aspect of multi-object detection, we successfully estimate the

bounding box distribution using our proposed mixture models.

Mixture density object detector: To conditionally estimate the bounding box

distribution for an input image, we propose the new multi-object detection net-

work called mixture density object detector (MDOD). MDOD is developed

based on mixture density network (MDN), which is a neural network to per-

forms density estimation through a mixed model. In other words, MDOD is a

modified MDN for application to multiple object detection tasks. MDOD out-

puts the estimated mixture model’s parameters such as mixing coefficient, mean,

standard derivation, and class probability from an input image.

Reduce the heuristics and training steps: We develop the process to train

the MDOD network based on the density estimation using a mixture model.

In the MDOD, the ground truth bounding box coordinates are learned through

the log-likelihood of the mixture model for the localization. On the other hand,

the class information is learned from the RoIs that are sampled from RoI sam-

pling, instead of ground truth bounding boxes. In addition, we also propose a

method for training MDOD without RoI sampling. In this method, the local-

ization and classification information both are learned from the ground truth

bounding boxes through the log-likelihood of the estimated mixture model.
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This dissertation aims to reduce the complex process of the training multi-

object detector and the heuristics required for this training process. Our pro-

posed training process does not requires the matching between grount truth and

referen point, foreground-background alliviation proess, target generation for

assigned location, and elaborate anchor design.

Application to other research areas: In this dissertation, we show that the pro-

posed method can be applied to other research topics. First, we use MDOD to

perform a study to replace Non-Maximum-Suppression based post-processing

in multi-object detection. To this end, we propose the Local-Maximum-Module

that can learn the degree of deduplication of bounding boxes through learning

using MDOD. Second, we apply MDOD to another computer vision task, multi-

person pose estimation. Through multi-person pose estimation using MDOD, It

is shown that MDOD can be applied not only multi-object detection that per-

forms the localization using bounding boxes, but also other localization prob-

lems.

1.4 Outline

In the following chapter, this dissertation is composed as follows. Chapter 2

introduces the prior work of the deep neural network-based multi-object detec-

tion algorithm, focusing on the multi-object detection methodology. In addition,

the dataset and evaluation metric are also described. In chapter 3, we propose

MDOD and the training method through density estimation of a bounding box

using a mixture model. In chapter 4, we propose MDOD-V2 that improved ver-

sion of MDOD. In chapter 5, We propose the method called to train MDOD

only by calculating the loss without any additional processing. In chapter 6, we
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apply the MDOD to duplicate bounding box removal and human pose estima-

tion tasks. Finally, in chapter 7, we summarize this dissertation and discuss our

research, broader effects, and future works.
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Chapter 2

Related Works

2.1 Multi-object detection using convolutional neural net-

work

Many kinds of research have been conducted on multi-object detection using

convolutional neural network (CNN). Initially, two-stage object detector stud-

ies that sequentially perform localization and classification were actively con-

ducted. R-CNN [22] firstly introduced a two-stage method for object detection.

However, independent feature extraction for the region proposals of an image

becomes a bottleneck. Since then, Fast R-CNN [21] has been introduced. It ex-

tracts features of an image at once, on top of which RoI Pooling is performed,

resulting in faster and better performance than R-CNN. Both R-CNN and Fast

R-CNN use independent methods such as Selective Search [60] and EdgeBoxes

[75] that do not use neural networks as methods for extracting region proposals.

For that reason, region proposals have still remained as a bottleneck in over-

all performance. Faster R-CNN [55] is an improved version of Fast R-CNN,

which reduces the bottleneck in finding region proposals using RPN (about 10
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times faster than Fast R-CNN). R-FCN [10], which has a fully-convolutional

network structure, is a two-stage object detector like Faster R-CNN [55]. Using

the position-sensitive RoI pooling [10], the bottleneck on the classifier part is

removed and the speed is improved, while maintaining the performance. Since

the development of Faster R-CNN, there have been many two-stage object de-

tection studies that improve detection performance based on Faster R-CNN

[11, 41, 47, 4]. Mask RCNN proposes a method of performing the instance seg-

mentation task, which creates the segmentation mask as well as the bounding

box of the object.

Since SSD [40] and YOLO [52] were developed, one-stage object detec-

tion studies that perform localization and classification through a single forward

path have begun to be actively conducted. YOLO divides the input image into

multiple grids and assigns the coordinates and classes of the ground truth bound-

ing box to the corresponding divided grid. Unlike YOLO, SSD uses the anchor

of Faster RCNN and assigns ground truth bounding box coordinates and class

based on predefined anchors. In addition, the SSD improves the performance

of the detector by using a feature pyramid rather than a single feature as an

input to the detector. This structure proposed in SSD has become the standard

of single-stage object detection. YOLO and SSD show lower detection perfor-

mance than two-stage object detector, but show much faster detection inference

time. After that, YOLO develops in the order of YOLOv2 [53], YOLOv3 [54],

and YOLOv4 [2], and gradually improves its detection performance and infer-

ence speed. In addition, as studies such as RefineDet [65], RetinaNet [37], etc.

have been carried out, the detection performance of one-stage has also improved

to the extent that it can compete with the two-stage.

On the one hand, studies on approaching object detection with a keypoint-
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based method used in bottom-up pose estimation [59, 51, 6] without using an-

chors have been conducted. CornerNet [33] used corner pooling to detect cor-

ners in the heatmaps and matched them using Associative Embedding [44]. Af-

ter that, there are studies such as [14, 69, 70] in keypoint-based object detection

methods to boost the performance. However, they all show their best perfor-

mance when using a specific backbone called hourglass network [45] and are

relatively slow due to a large amount of computation. There is also a top-down

approach [63] that uses deformable convolution [12] to find finer representative

points.

Recently, end-to-end object detection methods have been developed that

output the bounding box set immediately without using it in the non-maximum

suppression (NMS) to remove the redundancy of the box during inference. End-

to-end object detection with relational networks [27] uses an adapted attention

module called object relation module to process a set of objects by modeling the

spatial relationships between objects. It claims itself to be the first end-to-end

object detector that replaces NMS to a lightweight relation network. End-to-End

object detection with transformer [7] proposes a direct set of boxes prediction

approach that uses a transformer encoder-decoder architecture. It simplifies the

detection pipeline by replacing hand-designed components that encode human

prior knowledge such as anchors and NMS with its own end-to-end architec-

ture along with a set loss function that performs bipartite matching between

predicted and ground-truth boxes.
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2.2 Anchor-based and anchor-free methods

Anchor boxes are predefined default bounding boxes. The concept of the anchor

boxes was first proposed in the RPN of Faster R-CNN in order to efficiently

perform localization. Figure 2.1 visualizes the anchors on the output of the net-

work. Anchors having various scales and aspect ratios are needed to cover the

four-dimensional (center x, center y, height, width, or top-left, bottom-right cor-

ners) space in which a bounding box can exist on an image. Anchor boxes are

used as a reference point corresponding to each location in the network output.

The background of the anchor box is the sliding window used to obtain local

features in computer vision. The anchor simulates sliding windows of various

scales and aspect ratios with a single forward path of the network. Since an-

chor was proposed in Faster R-CNN, multi-object detector using anchors has

become the most common method. To design an anchor box, most methods in-

herit the scale and aspect-ratio heuristically found in previous studies. YOLOv2

[53] finds the optimal anchor boxes through K-means clustering.

However, it is known that the detection performance is highly dependent

on the shape, scale, and the number of anchor boxes. Thus, studies to develop

a method that does not use anchor boxes have been conducted. Some studies

[58, 32, 72] learn ground truth bounding boxes based on the center location

instead of anchor boxes. After that, studies generating anchor functions [62],

and predicting anchor types [61, 68] were conducted. Keypoint-based meth-

ods also do not use anchor boxes. Instead of training and predict the bounding

boxes through the anchor, keypoint-based methods [33, 34, 14, 69] predict the

heatmaps of left-top and right bottom points of the bounding boxes, like the

human pose estimation method.
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(b)(a)

Figure 2.1: (a) Input image. (b) The predefined anchor boxes at each location of

the network’s output.

2.3 Matching algorithm

The steps to assign each ground truth to the network’s output are needed to

learn the coordinates of the ground truth bounding box. In these steps, a match-

ing algorithm and the reference points such as anchor boxes are important, since

the ground truth is assigned to the locations determined from the matching re-

sult. There are studies dealing with the matching algorithm. ATSS [64] argues

that what is important is how to assign the ground truth bounding boxes, not

the anchor box shapes. ATSS proposes an adaptive method that automatically

divides positive and negative samples. FreeAnchor [66] points out that the IoU-

based hand-crafted assignment is a problem. It learns the matching between a

ground truth bounding box and an anchor through maximum likelihood estima-

tion. However, this only learns matching weights and it still needs to construct

the hand-crafted bag of anchors based on IoU.
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2.4 Foreground-background imbalance problem

By the result of the matching algorithm, assigned locations are trained by corre-

sponding ground truth classes regarded as foreground, but unassigned locations

are trained as the background class. In the classification, there exists a severe im-

balance between foreground and background. Especially, in the methods using

anchor boxes, a large number of anchors worsens the foreground-background

imbalance problem, since the unassigned background anchor boxes outnumber

the assigned foreground ones Also, a careful design of the anchor is required as

the scale and aspect ratio of the anchor affect detection performance much. To

alleviate the foreground-background imbalance problem, Hard negative mining

[40] and OHEM [56] sample the negative RoIs (Region of Interests) with a high

loss. Focal Loss [37] tackles this problem by concentrating on the loss of hard

examples.

2.5 Using probability distribution

In the previous studies, the concept of probability distribution in multi-object de-

tection is mainly used to express the uncertainty of bounding box coordinates.

For each predicted RoI (roik), [26] modeled a bounding box coordinate pre-

diction (bi
coord

) as a Gaussian distribution to estimate p(bi
coord

|roik, image). [9]

estimated the density of a specific bounding box coordinate for a specific anchor

(anchork) as a Gaussian distribution: p(bi
coord

|anchork, image) ⇠ N . [24]

proposes the method that represents the predicted bounding boxes as a mixture

of Gaussian (MoG) and clusters them by using an Expectation-Maximization-

based method in dense images.
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2.6 Dataset and evaluation metric

In the multi-object detection tasks, there are numerous public datasets. Among

them, we perform training, analysis, and evaluation using the commonly used

datasets, Pascal VOC [17, 16] and MS COCO [38]. Both Pascal VOC and MS

COCO provide the bounding boxes including class labels for various numbers

of objects. In this dissertation, we mainly use the MS COCO dataset to analyze

and evaluation of the proposed methods. The Pascal VOC dataset is used for

additional experiments. In this section, we next describe the number of images,

object categories, and evaluation metrics of Pascal VOC and MS COCO.

2.6.1 Pascal VOC

Among the Pascal VOC datasets, Pascal VOC 2007 and 2012 are generally used

for multi-object detection research. In this dissertation, we use both Pascal VOC

2007 and 2012 to train and evaluate the proposed method.

Table 2.1 shows the number of images in Pascal VOC 2007 and 2017. The

number of total images of Pascal VOC 2007 and 2012 is around 32k. Among

them, around 8k is the training set, 8k is the validation set, and 16k is the test

set. Here, the average number of bounding box annotations in an image sample

is 2.3. Pascal VOC datasets are consist of various real-world images. Table 2.2

shows object class categories of the Pascal VOC. Pascal VOC has annotations

for 20 kinds of objects such as persons, animals, and vehicles.

Pascal VOC uses average precision (AP) for each class and means average

precision (mAP) as the evaluation metric. AP is calculated from precision and

recall. Here, the precision is the ratio of the predicted bounding boxes that are

matched with the ground truth and the recall is the ratio of the ground truth
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dataset total training validation test

Pascal VOC (07+12) 32,494 8,218 8,333 15,943

MS COCO 163,957 118,287 5,000 40,670

Table 2.1: The number of images of Pascal VOC and MS COCO multi-object

detection dataset. Pascal VOC and MS COCO are splited as traning, validation,

and test-set.

dataset #classes classes

Pascal VOC

(07+12)
20

aeroplane, bicycle, bird, boat, bottle, bus, car, cat, chair,

cow, dog, horse, motorbike, person, sheep, safa, table,

potted plant, train, tv/moitor

MS COCO 80

person, bicycle, car, motorcycle, airplane, bus, train, truck,

boat, traffic light, fire hydrant, stop sign, parking meter,

bench, bird, cat, dog, horse, sheep, cow, elephant, bear,

zebra, giraffe, backpack, umbrella, handbag, tie, suitcase,

frisbee, skis, snowboard, sports ball, kite, baseball bat,

baseball glove, skateboard, surfboard, tennis racket, bottle,

wine glass, cup, fork, knife, spoon, bowl, banana, apple,

sandwich, orange, broccoli, carrot, hot dog, pizza, donut,

cake, chair, couch, potted plant, bed, dining table, toilet, tv,

laptop, mouse, remote, keyboard, cell phone, microwave,

oven, toaster, sink, refrigerator, book, clock, vase, scissors,

teddy bear, hair drier, toothbrush

Table 2.2: The classes categories of Pascal VOC and MS COCO dataset. Pascal

VOC and MS COCO have 20 and 80 categories of class, respectively.
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Person

0.8319

Figure 2.2: Precision vs. Recall of person objects on Pascal VOC testset. Hor-

izontal and vertical axis are recall and precision, respectively. The area unver

blue curve that means average precision (AP) of person objects is 83.19.

bounding boxes that matched with the prediction. Figure 2.2 is the precision

vs recall plot for person classes when the matching criterion is IoU 0.5. In this

plot, when the recall is low, the precision is high, but when the recall is high, the

precision is low. AP is calculated as the area under the curve in the precision vs.

recall plot. Thus, AP is a metric for evaluating the performance of the detector

according to the trade-off of precision and recall. In Figure 2.2, the AP for the

detection result of the person class is 83.19. In addition, mAP is calculated as

the average of APs of all classes:

mAP =
1

C

CX

k=c

APc (2.1)

Here, the C denotes the number of object classes of a dataset, and the c means
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Figure 2.3: The images and bounding box annotations of Pascal VOC dataset.

the index of the object class. The mAP is used as the primary evaluation metric

of Pascal VOC.

2.6.2 MS COCO

Recently, MS COCO is the most commonly used dataset for training and eval-

uation in multi-object detection research. In this dissertation, we use the 2017

version of MS COCO. MS COCO also has images collected in various real-

world environments. Table 2.1 shows the number of images of MS COCO. The

number of total images of MS COCO is around 164k, and it is divided into 118k

training set, 5k validation set, and 41k test set. The average number of bounding

box annotations in an image sample is 7.7. In addition, as can be seen in Ta-
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ble 2.2, MS COCO is annotated for 80 object class categories, much more than

Pascal VOC’s object classes.

MS COCO uses the following metrics for the evaluation of detection results:

AP50, AP75, AP, APS , APM , and APL. AP50 means that IoU 0.5 is used as the

matching threshold to determine whether the ground truth bounding box and

predicted bounding box match. AP50 is the same evaluation metric as Pascal

VOC’s mAP. AP75 is calculated in the same way as AP50, but IoU 0.75 is used

as the matching threshold. AP is MS COCO’s primary evaluation metric and is

calculated as the average of {AP50, AP55, ..., AP95}:

AP =
AP50 +AP55 + ...+AP95

10
(2.2)

Where, the IoU threshold is different, but each element of {AP50, AP55, ..., AP95}

is also calculated in the same way as AP50 and AP75. Note that, MS COCO’s AP

is differently calculated with Pascal VOC’s AP and . MS COCO’s AP shows a

higher performance when predicting a box with more accurate coordinates since

multiple matching thresholds (IoUs) are considered together. APS , APM , and

APL are AP for small, medium, and large bounding boxes, respectively. Here,

bounding boxes with a number of pixels smaller than 322 are classified as small

objects, larger than small objects but smaller than 962 are classified as medium

objects, and the rest are classified as large objects. In MS COCO, About 41%,

34%, and 24% of bounding boxes are classified as small, medium, and large

bounding boxes, respectively.

2.7 Mixture density network

For regression, generally, the mean squared error (MSE) or the mean absolute

error (MAE) is used to minimize the distance between a prediction and a target.
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Figure 2.4: The images and bounding box annotations of MS COCO dataset.

This approach usually works when the number of targets is only one. But, when

the variable number of targets is used, these approaches do not work. The reason

is attributed to the fact that the learning method tries to minimize a loss function

like MSE and MAE, which is based on the distance between the output and the

target, forcing the model to converge to the mean or the median of all targets.

Mixture density network (MDN) [1] provides a solution to the multiple tar-

gets regression problem using a mixture model. MDN outputs the parameters

of the mixture model and estimates the density of the data through this mixture

model. MDN fits to learn the distribution of data regardless of the number of

targets through a mixture model.

In this dissertation, we extend the MDN to a multi-object detection net-

work, called MDOD, for learning the variable number of ground truth bounding
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boxes. we perform multi-object detection by learning the distribution of bound-

ing boxes (b) for an image using MDOD, i.e. we estimate p(b|image).
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Chapter 3

Mixture Model-based Bounding Box

Density Estimation for Object Detection

Multi-object detection is a representative research task in the field of computer

vision. Unlike other tasks in computer vision such as image classification and

semantic segmentation tasks, multi-object detection has a variable number of

bounding boxes as targets. The conventional multi-object detection methods

learn a variable number of targets by discretizing the bounding box space and

directly assigning the ground truth to the network’s output, instead of directly

modeling a variable number of bounding boxes. On the other hand, we model

a variable number of the bounding boxes as a probability distribution through a

mixture model-based density estimation. To this end, we propose a new multi-

object detection network, mixture density object detector (MDOD), that extends

the Mixture Density Network that can estimate multi-modal distribution using

a mixture model. MDOD predicts the distribution of bounding boxes for an

input image using a mixture model of components consisting of continuous

(Gaussian) and discrete (categorical) probability distribution. The continuous
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Gaussian distribution of each mixture model’s component represents the distri-

bution of the bounding box coordinates (left, top, right, and bottom), and the

categorical distribution of each mixture component represents the class proba-

bility of that bounding box. Also, we proposed a process to sample the RoIs

from the estimated mixture model to learn the class probability considering

the background. In the training phase, the network is trained to maximize the

log-likelihood of the mixture model for the ground truth bounding boxes and

sampled RoIs.

In this chapter, we explain our proposed method for multi-object detection

as follows. First, in section 3.1, we design a mixture model to express the dis-

tribution of the bounding box, and define the object detection task as a density

estimation problem using the mixture model. Second, we describe the proposed

network, called as mixture density object detector, with a detailed explanation

on each part of the architecture in section 3.2. Also, the method of obtaining the

predicted bounding box from the mixture model estimated from the network is

described. Third, the training process and the objective function for the MDOD

are explained in section 3.3. Fourth, section 3.4 shows the analysis of the pro-

posed method and evaluation results for quantitative comparison with the con-

ventional multi-object detectors on the MS COCO dataset. Fifth, we perform

the additional experiments on the Pascal VOC dataset in section 3.5. Finally,

section 3.6 concludes this chapter.

3.1 Mixture model for multi-object detection

The bounding box b can be represented as a vector consisting of four coordi-

nates bltrb representing the location (left-top and right-bottom corners) and an
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one-hot vector bc representing the corresponding class. It has an uncertainty of

its coordinates due to occlusion, inaccurate labeling, and ambiguity of object

boundary [26]. Thus, the distribution of bltrb can be considered as a continuous

distribution rather than a point mass. In the problem of multi-object detection,

the conditional distribution of b for an input image may be multi-modal, depend-

ing on the number of objects on the input image. Therefore, our object detection

network must be able to capture the multi-modal distribution. In this chapter,

we propose a MDOD that can estimate the multi-modal distribution by extend-

ing the mixture density network [1] for multi-object detection. Our proposed

network MDOD models the conditional distribution of b for an input image

using a mixture model whose components consist of Gaussian and categorical

distribution. Gaussian distribution represents the distribution of bounding box

coordinates. Gaussian is one of the most representative continuous probability

distributions. It has a bell shape and is generally used to model the distribution

of continuous variables such as coordinates. Categorical distribution represents

the distribution for the class probability. The probability density function of this

mixture model is defined by the estimated parameters of the mixture model as

follows:

p(b|image) =
KX

k=1

⇡kNk(bltrb)Pk(bc) (3.1)

Here, the k means index of a mixture component. The ⇡k is mixing coefficient of

the k-th mixture components. The Nk denotes the probability density function

of Gaussian distribution:

Nk(bltrb) =
1

�k

p
2⇡

e
� 1

2 (
x�µk
�k

)2 (3.2)

The µk, and �k are the parameters of Gaussian distribution: mean, and stan-

dard deviation. Also, the P denotes the probability mass function of categorical
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distribution:

Pk(bc) =
Y

c2C
p
bc
k,c

, C = {c1, ..., cNc} (3.3)

The Nc-dimensional vector pk is the probability for Nc classes. The ⇡k, µk, �k,

and pk are obtained from a input image using the function f✓ with the learning

parameter ✓:

{⇡k, µk,�k, pk} = f✓(image) (3.4)

Each component is a four-dimensional multivariate Gaussian to represent the

coordinates of the bounding box bltrb = {bl, bt, br, bb}. We assume that the

covariance matrix of each Gaussian is diagonal to prevent the model from being

overly complicated:

�k =

0

BBBBBBB@

�k,l 0 0 0

0 �k,t 0 0

0 0 �k,r 0

0 0 0 �k,b

1

CCCCCCCA

(3.5)

Thus, the multivariate Gaussian probability density function of each component

of the mixture model can be factorized as follows:

N (bltrb)k =
Y

d2D
N (bd;µk,d,�

2
k,d

), D = {l, t, r, b}. (3.6)

The objective of the MDOD is to accurately estimate the paramters of the mix-

ture model by maximizing the log-likelihood of the ground truth bounding box

b, as follows:

✓ = argmax
✓

Eb⇠pdata(b|image) log p(b|image; ✓). (3.7)

Here, pdata(b|image) is the empirical distribution of b for a given image and

✓ is the parameter vector that includes mixture parameters including the class

probability pk.
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3.2 Mixture model-based object detector

3.2.1 Architecture

The Figure 3.1 (a) shows the overall network structure. The overall structure

consists of three parts: backbone, feature pyramid network, and MDOD. The

backbone and feature extractor produce the five feature maps from an input

image, and then, each feature map is inputted to MDOD. In this chapter, we use

ResNet as the backbone, and RetinaNet’s Feature Pyramid Network (FPN) [37,

36] as the feature pyramid network. Backbone with a feature pyramid network

is called a feature extractor.

The Figure 3.1 (b) shows the architecture of MDOD. The network outputs

four types of results o1, o2, o3, and o4 from the input feature-map concate-

nated by the coordinate embedding (xy-map). The xy-map is the x and y co-

ordinates for the spatial axis of the feature-map. The parameter maps of our

mixture model, µ-map, �-map, p-map, and ⇡-map are obtained from o1, o2, o3,

and o4, respectively. The mixture component is represented at each position on

the spatial axis of the paramter-maps.

The µ-map is calculated from o1 2 Rhm⇥wm⇥4 by the following procedure:

µ = T (µ̄+ F(o1)). Here, F , µ̄ and T represent the center-limit operation, the

default coordinates, and the transformation function, respectively.

The center-limit operation, F , illustrated in Figure 3.2 plays a role in limit-

ing the center coordinate of the bounding box not to deviate much from the de-

fault coordinates µ̄. Without F , there might be areas where no mixture compo-

nents exist from the start of the training and these areas would not be considered

forever. F prevents this local imbalance of the number of mixture components

present on the image coordinates (xy). This operation is implemented by apply-
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Figure 3.1: (a) The overall structure of the detection network. (b) The archi-

tecture of MDOD. The parameters of the mixture model (µ, �, p, and ⇡) are

predicted by MDOD. The mixed model estimated by MOOD represents the dis-

tribution of bounding boxes for an input image.
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ing tanh to the offset value of the center coordinates (xy) in o1 and multiplying

the limit factor flim. In this chapter, we set flim equal to the spacing between

adjacent µ̄’s on the µ-map (see Figure 3.2).

The default coordinates, µ̄, which are similar to the conventional anchor

box, represent the default center position and scale of the bounding box. Note

that the first two channels (xy) of the µ̄ are center-map of the corresponding size,

and the last two channels (wh) are filled with a constant depending on the size

of the input feature from the feature pyramid. We used one aspect ratio and five

scales of bounding boxes as our µ̄, depending on the layer in the feature pyramid

(see Figure 3.1). The width and height of our µ̄ are calculated as follow:

S ⇥ (l/6)2, l 2 {1, · · · , 5} (3.8)

Here S is the coordinates range, which is defined by the width and height of

input.

The transformation T converts coordinates represented by the center, width,

and height (xywh) to the left-top and right-bottom corners (ltrb).

The �-map is obtained by applying the softplus [15] activation to o2 and then

adding the default std �̄. The �̄ is calculated as the width and height of µ mul-

tiplied by a predefined std-factor fstd. The �̄ prevents the mixture model from

being sharp and � becoming zero. Note that �-map is for the (ltrb)-coordinates,

not for the (xywh)-coordinates.

The p-map is obtained by applying the softmax function along the chan-

nel axis to o3 2 Rhm⇥wm⇥(C+1), and the ⇡-map is obtained by applying the

softmax to the entire five spatial maps of o4 2 Rhm⇥wm⇥1.

The MDOD estimates one mixture model from all levels of feature-maps

outputted from the FPN. Thus, the number of components K is the summation
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2x

2x

Figure 3.2: Illustration of the center-limit operation F . The blue points denote

the default coordinates µ̄. After the center-limit operation, the µ̄ is moved to the

red point µk by adding tanh(o1,xy) ⇥ flim. This operation limits µk within the

colored rectangular area.

of the number of components of each parameter-map corresponding to the fea-

ture map. Here, each feature-map and parameter-map at the same layer have the

same spatial dimension. The height of the first feature-map and the l-th feature-

maps are calculated as dH8 e and dhf,l�1

2 e, respectively, where H is height of the

input image and hf,l is the height of the l-th feature-map. The widths of the fea-

ture maps are also calculated in the same way. The MDOD network consists of

a convolution layer of 3⇥3 kernel and three convolution layers of 1⇥1 kernel.

Leaky ReLU [42] with a negative slope of 0.2 is used for the activation function

of the 3⇥3 convolution layer.

3.2.2 Inference

In the inference phase, we choose µ’s of mixture components as coordinates of

the predicted bounding boxes. We assume that these µ’s have a high possibil-

ity to be near to the local maxima (modes) of the estimated mixture model by
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MDOD. In the aspect of MoG-based clustering, we consider the µ’s as repre-

sentative values for the corresponding Gaussian clusters. Before performing the

non-maximum suppression (NMS), we filter out the mixture components with

relatively low p(c) or ⇡ values. Since the scale of ⇡ depends on the input image,

we filter the mixture component through normalized-⇡ (⇡0), which is calculated

through min-max normalization where min value is zero: ⇡0 = ⇡/max(⇡).

3.3 Training

MDOD is trained to maximize the log-likelihood of the estimated parameters

for the proposed mixture model given the ground truth bounding boxes b̂ of an

input image. The loss function that maximize the log-likelihood is the negative

of the log-likelihood:

LMM = � log
⇣
p(b̂i|image)

⌘
(3.9)

3.3.1 Confidence score through RoI sampling

Note that LMM is calculated only by the ground truth bounding boxes, b̂. Since

b̂ generally does not include the background class, in our model, we cannot ob-

tain the confidence score of the predicted bounding box bj that takes background

probability into account. Instead, we can consider the likelihood of an arbitrary

bounding box as a confidence score. However, a likelihood only expresses the

density of a bounding box, not its probability whether it is foreground or back-

ground or whether it belongs to a certain class. In addition, our model is difficult

to evaluate the performance by a metric such as mean Average Precision (mAP)

because only relative likelihood comparison of boxes can be performed in an

image due to the hardness of assigning a likelihood threshold universal to all the
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Ground Truth Foreground Sample Background Sample

Figure 3.3: Illustration of RoI sampling. The blue points mean ground truth

bounding boxes. The green and red points mean sampled bounding boxes from

the estimated MoG by MDOD. The green point which is close to a ground truth

bounding box is labeled as foreground class, and the red point which is far from

a ground truth is labeled as background class.

images. Unlike the likelihood, ⇡k represents the probability of the corresponding

mixture component, but likewise, only comparisons between bounding boxes

on the same image are possible. Class probability including the background is

generally used as a confidence of a bounding box, and it does not suffer from

problems like likelihood and ⇡ mentioned above.

To obtain the class probability that includes background class, we perform

an additional sampling and labeling process. We sample bounding boxes from

the mixture of Gaussian (MoG) ignoring the class probability from our mixture

model. If the IoU between a sampled bounding box and a ground truth bound-

ing box is above a threshold, we label it as the class of the ground truth with

the highest IoU, otherwise, we label it as the background class. Through this
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sampling and labeling process, we create the RoI set {b0}. Since b
0 is stochas-

tically acquired from the estimated MoG, MDOD learns the background prob-

ability but does not suffer from foreground-background imbalance problems.

Moreover, MDOD learns the class probability by focusing more on the location

where objects are more likely to exist.

3.3.2 Likelihood compensation

The MDOD is trained using the negative log-likelihood of the estimated mix-

ture model as a loss function, without any procedure such as ground truth as-

signment. Because of the nature of the mixture model that the sum of all the

components’ probabilities equals 1, i.e.
P

K

k=1 ⇡k = 1, the estimated probabil-

ity of the i-th ground truth bounding box for a given image, p(b̂i|image), would

decrease by a factor of number of objects, Ngt, in the image. However, since

object detection should be performed based on each object regardless of the

number of objects in an image, this phenomenon of lower ground truth bound-

ing box probability for a large Ngt is undesirable. In this chapter, we alleviate

this problem through likelihood compensation, which multiplies the number of

objects in the image, Ngt, to ⇡. Therefore, the ⇡ with likelihood compensation

is calculated as follows:

⇡̂ = Ngt ⇥ ⇡ (3.10)

However, theoretically, likelihood-compensation does not make a difference:

LMM = �log(Ngt ⇥ p(b̂i|image)) (3.11)

= �log(Ngt)� log(p(b̂i|image)) (3.12)

Thus, the multiplication with Ngt theoretically have no effects to MDOD in

gradient descent. But, practically, it gives the following benefits. First, as the
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number of objects increases will likely to be small. Therefore, the magnitude

of loss will depend on the number of objects in an image and without LC, the

analysis and monitoring of training is difficult. Likelihood-compensation mit-

igates this problem. Second, practically, the limited precision of floating point

can occurs underflow and the likelihood of the mixed component will be com-

pletely zero and not be trained. This worsens as the number of objects in the

image increases and causes an imbalance in learning. Likelihood compensation

reduces this problem.

3.3.3 Modified loss function

In order to train the network to represent the background probability using the

{b0}, we re-define the loss function of MDOD into two terms. The first loss term

is the negative log-likelihood of the MoG:

LMoG = � log

 
KX

k=1

⇡̂kN (b̂i,ltrb)

!
(3.13)

The MDOD learns only the distribution of the coordinates of the ground truth

bounding box {bltrb}, excluding class information using the MoG parameters

(µ, � and ⇡) through LMoG. The second loss function is a complete form of the

MDOD that includes class probability and is calculated as:

LCat = � log

 
KX

k=1

⇡̂kN (b0
i,ltrb

)P(b0i,c)

!
(3.14)

LCat is used to learn the class probability of the estimated mixture model.

Note that LCat is identical to Equation 3.1 except the fact that it is calcu-

lated on the different sets of bounding box candidates, i.e., it is trained using

b
0
j
2 {b01, · · · , b0Nroi

} sampled from the estimated MoG. Also, it is trained such

that the MoG is not relearned by itself. To this end, the error is not propagated
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to other parameters of mixture models except class probabilities (the error is not

backpropagated to ⇡, µ, and �). The final loss function is defined as:

LMod = LMoG + ↵LCat
(3.15)

Here, ↵ is a hyper-parameter controlling the balance between the two terms. The

proposed training prosedure of MDOD is described as pseudo-code in Figure

8.2 of Appendix.

3.4 Experiments

3.4.1 Experiment settings

In this section, MS COCO [38] are used for training and evaluation. For training

our network, we use the stochastic gradient descent (SGD) optimizer with a

batch size of 16. Here, a learning rate, a L2 weight decay term, and a momentum

factor are respectively setted to 0.005, 0.0001, and 0.9. Gradient clipping [48]

is applied with a cutoff threshold of 7.0. The learning rate is decayed at 95,

116, and 127 epochs with a decay rate 0.1, and the network is trained up to

135 epoch. In order to generalize our network, we augment the data with the

following process as specified in [40, 20]. First we adjust the scale of the input

image using the expanding and the cropping process, and flip the input image

horizontally.

An ImageNet [13] pretrained ResNet-50, or ResNet-101 [25] is used for our

backbone network, and the remaining layers of the network are initailized with

the Xavier-uniform intializer [23].

Unless otherwise specified in this section, MS COCO ‘train2017’, and ‘val2017’

are used as the training set, and test set, respectively. we use the ResNet-50 as

39



a default backbone network, and input images are resized to 320x320 (width x

height). In addition, we apply the likelihood compensation, and the network is

trained by the loss in (4.6) using RoIs sampled from MoG. The size of {b0},

Nroi, is three-times of Ngt. Thus, the class probability that includes background

class is used as the confidence score of a bounding box. We set S and ↵ to 10.0

and 2.0, respectively. In inference phase, we perform NMS with the IoU thresh-

old of 0.5 after filtering the bounding boxes with the class probability threshold

of 0.001 and the ⇡
0 threshold of 0.001.

We trained the network with more than one GPU. In order to reduce the

effects of Batch Normalization [29] statistics, we use Cross-GPU Batch Nor-

malization [50]. The processing time of MDOD is measured on a single nvidia

Geforce 1080Ti GPU. We implement our method in Pytorch [49].

3.4.2 Confidence measure

In this chapter, we considered serveral types of confidence measure of a bound-

ing box. We perform the quantitative comparison for the following confidence

measures: p(b|I), p(b|I)0, ⇡ ⇥ p(c), ⇡0 ⇥ p(c) and p(c). Here, p(b|I)0 and ⇡
0

are normalized p(b|I) and ⇡, respectively. They are calculated by min-max nor-

malization with zero min-value for the bounding boxes predicted on the same

image. The results are measured from the network trained either by LMM or

LMod. The p(c) of the network trained by LMod contains the background prob-

ability. We compare the confidence measures through F1 score and AP. The F1

score is calculated with IoU threshold of 0.5, using the Ngt predicted bound-

ing boxes of top confidence in each image. Thus, unlike AP where alignment

between all predicted bounding boxes of a dataset is important, only alignment

between predicted bounding boxes in an image is required. Table 3.1 shows F1
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Training Confidence F1 score AP AP50

LMM :

p(c) wo/ bg.

p(b|image) 21.6 5.0 10.7

p(b|image)0 21.6 6.8 12.8

⇡ ⇥ p(c) 52.8 28.2 47.2

⇡
0 ⇥ p(c) 52.8 29.6 50.6

p(c) 27.5 9.7 20.1

LMoG + LMod :

p(c) w/ bg.

p(b|image) 36.1 8.6 17.0

p(b|image)0 36.1 13.8 24.5

⇡ ⇥ p(c) 53.2 30.3 49.5

⇡
0 ⇥ p(c) 53.2 31.7 51.2

p(c) 53.2 32.1 53.0

Table 3.1: Comparison of F1 score and APs for serveral types of confidence

scores

scores and APs for different confidence measures. Compared with LMM , LMoG

with LMod shows better results for all kinds of confidence measures. All confi-

dences based on p(b|image) show low F1 score and APs, thus are considered

inappropriate criteria for object detection. Confidences based on ⇡ show better

results than p(b|I)-based confidences. Besides, ⇡0 ⇥ p(c) shows improved AP

results over ⇡ ⇥ p(c). In the netwotk trained by LMod, the F1 score of ⇡ based

is on the same level as p(c) with backgorund probability. However, ⇡0 ⇥ p(c)

shows a lower AP result compared to p(c). This is conjectured as the result of

the difficulty of comparison between ⇡’s on different images. The p(c) without

background shows a relatively low F1 score and AP, while p(c) with background

shows the best results among all the confidence measures.
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Figure 3.4: The ratio of foreground and background samples in the mixture of

Gaussian at each training iteration. Results obtained by inference of 100 mini-

batches in each iteration on the training set.

3.4.3 Foreground-background balance

Since we perform sampling from the estimated MoG, the sampled set {b0} con-

tains both foreground and background bounding boxes. In order to check the

balance of foreground and background bounding boxes in {b0}, we measure the

foreground ratio of {b0} in 100 mini-batch of the tranining set at every 50k iter-

ations. The foreground ratio is calculated for each image, except for those with

zero ground truth bounding box. In Figure 3.4, the foreground ratio, which is ini-

tially low, increases as training progresses and converges to certain value. This

shows that no foreground-background imbalance problem occurs while training.

From this, the MDOD can be trained with stable foreground-background ratio

without any special processing.
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Figure 3.5: The distribution of the confidence score p(c) according to uncer-

tainty. In the graph, the red and blue line represents the high and low uncertainty,

respectively.

3.4.4 Relation of uncertainty (�) and confidence p(c)

The � estimates the uncertainty of the coordinates of a bounding box. In object

detection problems, the confidence should reflect not only class probability but

also uncertainty for bounding box coordinates. In our method, class probability,

p(c), is trained through the probability density function of the mixture model

using {b0} sampled from the estimated MoG, thus � affects the traninig of p(c).

To show the change in confidence score p(c) for different uncertainty, �, we

compare the distribution of the confidence for high and low uncertainty. We use

1
4⌃d

�d
Sb

as the uncertainty score considering the scale of � with respect to the

size of the bounding box Sb (width or height), where d 2 {l, t, r, b}. We set

the bounding boxes which have the top 30% uncertainty as high uncertainty set

and bounding boxes of the bottom 30% uncertainty as low uncertainty set, in

43



underflow ratio

Ngt < 30 30  Ngt

without LC 52.2 58.0 (+5.8)

with LC 49.6 52.5 (+2.9)

Table 3.2: The underflow ratio when Ngt is smaller than 30 (Ngt < 30) and

larger than 30 (30  Ngt) for the likelihood compensation (LC).

AP AP50 AP75 APS APM APL

without LC 32.0 52.8 33.4 15.2 34.7 48.5

with LC 32.1 53.0 33.7 15.7 34.5 49.3

Table 3.3: AP results for the likelihood compensation (LC).

the predicted bounding boxes obtained from the randomly sampled 300 images.

As shown in Figure 3.5, for low uncertainty, p(c) has both high and low values.

On the other hand, p(c) is mostly distributed at very low values, for the high

uncertainty set. In this experiments, it is shown that the confidence score p(c)

considers not only the class probability but also the uncertainty for the bounding

box coordinates.

3.4.5 Likelihood compensation

As stated in this chapter, as the number of objects increases will ⇡ to be small.

Practically, due to the limited precision of floating-point, a mixture component’s

likelihood can be 0 and not be trained. This exacerbates as the number of objects

in an image increases. Table 3.3 shows the underflow ratios of the mixture com-
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AP AP50 AP75 APS APM APL

5-scales 32.1 53.0 33.7 15.7 34.5 49.3

1-scale 31.7 52.6 33.1 14.7 34.4 48.9

Table 3.4: AP results for various default coordinates µ̄ of MDOD.

ponents. When Ngt is large, underflow occurs more severely than when Ngt

is small. The likelihood compensation reduces this problem. Also, the overall

overflow ratio is reduced when using the likelihood compensation.

In table 3.2, we compare the object detection results according to whether

likelihood compensation is performed or not on the MS COCO evaluation met-

ric. The ‘without LC’ and ‘with LC’ mean that the MDOD is trained with

likelihood compensation and without likelihood compensation, respectively. In

this table, the results ‘with LC’ are mostly better than those ‘without LC’.

3.4.6 Flexibility of the MDOD

The role of the default coordinates µ̄ in our MDOD is similar to that of the

anchors in that it represents pre-defined forms of bounding boxes. However,

it differs in that the MDOD learns flexibly without assigning the ground truth

bounding box to a specific mixture component in the training process. Because

of this flexibility, the shape of predicted bounding boxes by the MDOD is not

limited by pre-defined forms. Table 3.4 shows the APs for two pre-defined µ̄

with different scales. ‘5-scales’ follows the description of the µ̄ in this chapter.

Each scale is applied to each µ̄ of the five outputs from the FPN. ‘1-scale’ is

defined as the half size of the coordinate range S for the five outputs. As can

be seen in this table, the AP does not drop significantly, even if just one scale
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fstd AP AP50 AP75 APS APM APL

0.0 30.4 49.3 31.6 14.1 33.5 46.2

0.05 30.8 50.4 32.1 14.5 34.6 47.6

0.1 32.1 53.0 33.7 15.7 34.5 49.3

0.15 30.4 52.1 31.4 14.7 32.7 45.9

Table 3.5: Detection performances (APs) of different std-factor (fstd).

mean median std-dev AP AP50

without F 528.6 7.6 4099.7 31.7 52.2

with F 506.3 7.9 3635.0 32.1 53.0

Table 3.6: Mean, median, standard deviation of the likelihoods of the estimated

MoG, and APs according to with or without the center-limit operation (F).

component MDOD

def-std (�̄) X X X X

xy-map X X X

def-coord (µ̄) X X

center-limit (F) X

AP 32.1 31.7 30.4 26.6

AP50 53.0 52.2 51.0 44.6

Table 3.7: Detection performance (APs) according to the components of MDOD

network architecture.
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is used. In this experiment, MDOD shows relatively robust detection results in

different settings of µ̄, compared to the previous object detectors that use the

anchors.

3.4.7 Default std (�̄)

The default std �̄, which is determined by the hyper-parameter std-factor fstd,

smooths the distribution of the mixture model, preventing the mixture model

from being sharp for the given gt bounding boxes. To check how this affects

network performance, we changed the fstd. Table 3.5 shows the APs for various

fstd. Setting fstd to 0.1 yields the highest AP. In addition, when the fstd is zero,

training becomes unstable by increasing possibility of zero �, thus resulting in

a more spiky shape of likelihood.

3.4.8 Center-limit operation (F)

Table 3.6 shows the likelihood of the estimated MoG for ground truth bounding

box and APs results for the center-limit operation (F). As mentioned in this

chapter, the center-limit operation F prevents the local imbalances of mixture

components. In this table, MDOD with F shows the higher median, and the

lower standard deviation of likelihood than MDOD without F . Also, when using

F , MDOD shows better detection performances (AP and AP50).

3.4.9 Ablation study

MDOD has components that play a specific role in the intermediate feature map.

In this experiment, we changed each component of the MDOD architecture one

by one to see the effect. The results is shown in Table 3.7. The MDOD that uses

all architecture components shows the best performance. It is noteworthy that
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performance is significantly degraded when neither xy-map nor default coordi-

nates µ̄ with spatial information is used.

3.4.10 Evaluation result comparison

For the evaluation of the MDOD, we perform the comparison with other ob-

ject detection methods on MS COCO dataset. MS COCO ‘train2017’ dataset is

used as the training-set and ‘test-dev2017’ dataset is used for evaluation of the

MDOD. The network is trained according to the details specified in this section.

The processing time of MDOD is measured on a single nvidia Geforce 1080Ti

GPU. Since the trade-off between detection performance and speed, when eval-

uating a detector, detection performance and speed must be considered together.

Table 3.8 and Figure 3.6 report the MS COCO evaluation results and inference

time for the MDOD and other state-of-the-art object detection methods. These

results show that our method is more competitive than other methods in terms

of speed and performance trade-offs. In comparison with multi-object detectors

using the same input size and backbone, MDOD is much faster than the M2Det

on similar performance, and shows better results than PASSD in both speed and

performance. Even the MDOD with ResNet-50 FPN performs better than Re-

fineDet with ResNet-101 FPN on the same sized input. The MDOD produces

the lower detection performances than the object detection methods that use

large sized input but its inference speed is more than many-times faster.

3.5 Additional experiments on Pascal VOC

We conducted additional experiments for MDOD on Pascal VOC dataset. In

experiments on the Pascal VOC, we use the Pascal VOC ‘0712trainval’ (union
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Method Feature extractor Input size AP AP50 AP75 APS APM APL Speed/GPU

Faster R-CNN [55] ResNet-101 FPN short-800 36.2 59.1 39.0 18.2 39.0 48.2 172 ms/M

Cascade R-CNN [4] ResNet-101 FPN+ - 42.8 62.1 46.3 23.7 45.5 55.2 140 ms/P

Libra R-CNN [47, 71] ResNet-101 FPN short-800 41.1 62.1 44.7 23.4 43.7 52.5 105 ms/P

YOLOv3 [54, 34] DarkNet-53 608x608 33.0 57.9 34.4 18.3 35.4 41.9 39 ms/P

SSD321 [37] ResNet-101 321x321 28.0 45.4 29.3 6.2 28.3 49.3 61 ms/M

SSD513 [37] ResNet-101 513x513 31.2 50.4 33.3 10.2 34.5 49.8 125 ms/M

RefineDet320 [65] ResNet-101 TCB 320x320 32.0 51.4 34.2 10.5 34.7 50.4 -

RefineDet512 [65] ResNet-101 TCB 512x512 36.4 57.5 39.5 16.6 39.9 51.4 -

RetinaNet800 [37, 8] ResNet-101 FPN short-800 39.1 59.1 42.3 21.8 42.7 50.2 104 ms/P

M2Det320 [67] ResNet-101 MLFPN 320x320 34.3 53.5 36.5 14.8 38.8 47.9 46 ms/P

M2Det512 [67] ResNet-101 MLFPN 512x512 38.8 59.4 41.7 20.5 43.9 53.4 63 ms/P

FCOS [58, 71] ResNet-101 FPN short-800 41.5 60.7 45.0 24.4 44.8 51.6 108 ms/P

PASSD320� [30] ResNet-101 FPN 320x320 32.7 52.1 35.3 10.8 36.5 50.2 29 ms/P

PASSD512� [30] ResNet-101 FPN 512x512 37.8 59.1 41.4 19.3 42.6 51.0 45 ms/P

FreeAnchor [66, 71] ResNet-101 FPN short-800 43.1 62.2 46.4 24.5 46.1 54.8 110 ms/P

SAPD [71] ResNet-101 FPN short-800 43.5 63.6 46.5 24.9 46.8 54.6 89 ms/P

CornerNet�? [33] Hourglass-104 511x511 (ori.) 40.6 56.4 43.2 19.1 42.8 54.3 244 ms/P

ExtremeNet�? [70] Hourglass-104 511x511 (ori.) 40.2 55.5 43.2 20.4 43.2 53.1 322 ms/P

CenterNet�? [14] Hourglass-104 511x511 (ori.) 44.9 62.4 48.1 25.6 47.4 57.4 340 ms/P

RPDet [63, 71] ResNet-101 FPN short-800 41.0 62.9 44.3 23.6 44.1 51.7 100 ms/P

MDOD320 ResNet-50 FPN 320x320 32.2 53.3 33.8 13.7 34.0 47.5 22 ms/P

MDOD512 ResNet-50 FPN 512x512 36.5 59.0 39.1 19.2 39.5 48.7 26 ms/P

MDOD320 ResNet-101 FPN 320x320 33.7 54.9 35.6 13.9 36.1 50.0 26 ms/P

MDOD512 ResNet-101 FPN 512x512 38.7 61.2 41.7 20.5 42.0 52.2 33 ms/P

Table 3.8: Comparison of various results with MDOD on MS COCO dataset. ‘�’

and ‘?’ denote soft-nms [3] and flip test [33], respectively. The ‘short-x’ means

to use an image that shorter side is resized as x while maintaining the aspect

ratio, and the ‘ori.’ means using the original size input image in test. The ‘M’

and the ‘P’ represents Maxwell and Pascal architecture based GPU, respectively.
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Figure 3.6: Comparison of speed and performance on MS COCO dataset. Hori-

zontal axis is detection speed (ms). Vertical axis of the left is AP50 and the right

is AP

of Pascal VOC 07 and 12 trainval-set) as the training-set. Pascal VOC ‘07test’

dataset is used for evaluation. the initial learning rate is 0.003. The learning

rate is decayed at 40k and 70k with decay rate 0.1, and the maximum training

iteration is set to 100k. The same augmentation strategy with the MS COCO

data is applied.

Unless otherwise specified in this section, input images are resized to 320⇥320,

and ResNet-34 is used as the backbone network. For a fair comparison with

other object detection methods, the processing time of MDOD is measured on a

single nvidia Titan X (Maxwell) GPU.

3.5.1 Default coordinates (µ̄)

In our paper, we set the scales of µ̄ as S ⇥ (i/6)2 for all i 2 {1, · · · , 5}, where

S is the coordinates range. This was determined experimentally by comparison

with several settings. Table 3.4 shows the results. Experimentally, MDOD shows
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scales of µ̄ S ⇥ 0.5 S⇥0.05⇥2i�1
S ⇥ (i/6) S ⇥ (i/6)2

mAP 79.2 79.5 79.3 79.9

Table 3.9: Results of different scales of default coordinate (µ̄)

fstd 0.0 0.05 0.1 0.15

mAP 77.3 79.1 79.9 78.7

Table 3.10: Results of different std-factor (fstd)

the highest detection performance (mAP) when the scale of µ̄ is S ⇥ (i/6)2.

3.5.2 Default std (�̄)

The default std �̄, which is determined by the hyper-parameter std-factor fstd,

smooths the distribution of the mixture model to prevent the mixture model from

being too sharp for the given ground truth bounding boxes. To check how this

affects network performance, we conducted experiment using different fstd. Ta-

ble 3.10 shows the results. Experimentally, MDOD shows the highest detection

performance (mAP) when �̄ is 0.1.

3.5.3 Ablation study in more detail

We compared mAP results by removing each component one by one, based on

the model using all the components. As can be seen in Table 3.11, the MDOD

with all the components of our method shows the best results. When MDOD

does not use both default coordinate (µ̄) and center-limit operation (F), the

performance is slightly degraded. However, when MDOD does not use only µ̄,
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MDOD

LC X X X X X X X X

�̄ X X X X X X X

xy-map X X X X X X

µ̄ X X X X X

F X X X X X

mAP 79.9 79.7 77.9 77.3 70.9 13.9 79.2 77.3 79.7

Table 3.11: Ablation study for MDOD

the performance is significantly dropped, since the center coordinates range of

mean of Guassian (µ) is limited to around (0, 0) by F . In addition, the MDOD

without default std (�̄), xy-map, µ̄ and, F often suffers from the convergence

failure issue during the training phase.

3.5.4 Visualization of RoIs

We visualized the sampled Region of Interests (RoIs) from the estimated mix-

ture of Gaussian (MoG) by MDOD. Figure 3.7 shows the change of RoIs ac-

cording to training iteration. In the early stage of the training, RoIs are spreaded

randomly on the input image, but as training progresses, RoIs are sampled more

near the object.

3.5.5 Visualization of the mixture model

Figure 3.8 shows visualization of the estimated mixture model and the detection

results. For better visualization, we multiply the standard deviation of Gaussian

(�) by 1.5. PascalVOC ‘07test’ dataset is used for this visualization.
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0 k 5 k 25 k 100 k

Figure 3.7: Region of Interests (RoIs) that are sampled from the estimated mix-

ture of Gaussian at each training iteration. Foreground, background, and ground

truth bounding boxes are shown in green, red, and white, respectively.
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Figure 3.8: Visualization of the likelihood of the estimated mixture model by

our method. The first and the third columns are input images with ground truth

bounding boxes. The second and the fourth columns are visualization results

with predicted bounding boxes. Here, red and orange contours show the likeli-

hood of the left-top and the right-bottom corners of the bounding boxes, respec-

tively.
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Table 3.12 shows mAP results and FPS for MDOD and other object detec-

tors. In this table, the MDOD320 with ResNet-34 backbone is the fastest model

and the MDOD512 produces the best mAP results. When considering both mAP

and FPS, our models show the better mAP and FPS results than other methods.

Also, our method predicts a relatively small number of bounding boxes, except

for RPN (Region Proposal Network) based methods and YOLO v2 which finds

anchors through clustering.

3.5.6 Evaluation results comparison

In addition, we also performed evaluation on PascalVOC. Table 3.12 shows

the mAP results and FPS for the MDOD and other object detectors. In this

table, the MDOD320 with ResNet-34 backbone is the fastest model and the

MDOD512 produces the best mAP results. When considering both mAP and

FPS, our models show the better mAP and FPS results than other methods.

Also, our method predicts a relatively small number of bounding boxes, except

for RPN (Region Proposal Network) based two-stage methods, which predicts

the more than 10k bounding boxes proposal in Region Proposal, and YOLO v2

which do not use the feature pyramid networks.

3.6 Conclusion

In this chapter, we propose a new multi-object detector named mixture density

object detector (MDOD). Unlike previous multi-object detection methods, our

MDOD estimates the density of bounding boxes for an input image using a

mixture model. To capture this distribution correctly, we also propose the mix-

ture model whose components consist of Gaussian and categorical distributions.
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Method Feature extractor Input size #Boxes mAP FPS

Faster R-CNN [55] VGG-16 short-600 300 73.2 7

Faster R-CNN [55, 11] ResNet101 short-600 300 76.4 2.4

CoupleNet [74] ResNet-101 short-600 300 82.7 8.2

R-FCN [11] ResNet-101 short-600 300 80.5 9

YOLOv2 [53] DarkNet-19 544x544 845 78.6 40

SSD300* [40, 20] VGG-16 300x300 8732 77.2 46

SSD512* [40, 20] VGG-16 512x512 24564 79.8 19

DSSD321 [20] ResNet-101 321x321 17080 78.6 9.5

DSSD513 [20] ResNet-101 513x513 43688 81.5 5.5

RefineDet320 [65] VGG-16 TCB 320x320 6375 80.0 40.3

RefineDet512 [65] VGG-16 TCB 512x512 16320 81.8 24.1

ScratchDet [73] Root-ResNet-34 300x300 8732 80.4 17.8

RFBNet300 [39] VGG-16 300x300 11620 80.5 83

RFBNet512 [39] VGG-16 512x512 32756 82.2 38

PASSD320 [30] VGG-16 FPN 320x320 6375 81.0 50

PASSD512 [30] VGG-16 FPN 512x512 16320 82.4 31.3

MDOD320 ResNet-34 FPN 320x320 2134 79.9 44.3

MDOD512 ResNet-34 FPN 512x512 5456 82.6 34.1

MDOD320 ResNet-50 FPN 320x320 2134 80.8 33.6

MDOD512 ResNet-50 FPN 512x512 5456 83.0 20.9

Table 3.12: Comparison of various results with MDOD on Pascal VOC dataset.
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MDOD does not need the ground truth assignment process for training and also

does not suffer from the foreground-background imbalance problem, since the

class probability is learned from the RoIs that are sampled from the estimated

MoG by the MDOD. Our method is a new approach to object detection and has

a high potential for further research and development. There are several open

problems as follows.
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Chapter 4

Improvement of Mixture Density Object Detector

with Cauchy distribution

In this dissertation, our goal is to reduce the complex processing and heuris-

tics for training multi-object detection network. To this end, we reformulate the

multi-object detection task as a density estimation of bounding boxes in chapter

3. Our proposed multi-object detection network, mixture density object detector

(MDOD), predicts the distribution of bounding boxes for an input image using a

mixture model of components consisting of continuous (Gaussian) and discrete

(categorical) probability distribution. Through this density-estimation-based ap-

proach and a new architecture of MDOD, we can reduce the complex processing

and heuristic for training multi-object detection network. In addition, we veri-

fied that the foreground-background imbalance problem is solved naturally as

the training progresses in our method. We measured the detection performance

and speed of MDOD on MS COCO. In the evaluation using a static-sized input,

MDOD outperforms the other state-of-the-art multi-object detection methods in

both terms of detection performance and speed. It is noteworthy that this perfor-
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mance is achieved not by structural changes or heuristic and complex process-

ings, but by a new approach to multi-object detection.

However, MDOD still has its own drawbacks and heuristics which need to

be improved, as follow:

Underflow of Gaussian distribution: In the MDOD, the distribution of bound-

ing box coordinates are expressed using a mixture of Gaussian (MoG). When

training MDOD through this MoG, the underflow problem may occur due to

likelihood smaller than floating-point precision. Underflow, which may worsen

as the number of objects on the input image increases, is mitigated through

likelihood compensation. However, underflow due to the distance between the

ground truth bounding box and the Gaussian distribution still occurs frequently.

Default coordinate: The default coordinate provides the reference position

of the predicted bounding box like the anchor box of the conventional object

detection methods. This default coordinate is not sensitive to detection perfor-

mance compared to the anchor box, and is also not used as a reference point

for ground truth assignment. Nevertheless, since there is a change in detection

performance according to the setting of the default coordinate, and the predicted

bounding box is output only based on the preset default coordinate, the default

coordinate can be regarded as a remained heuristic component of object detec-

tion architecture.

In this chapter, we introduce mixture density object detector version2 (MDOD-

V2) the method to improve the above-mentioned drawbacks of MDOD. In sec-

tion 4.1, introduces a newly designed mixture model to overcome the underflow

problem. In section 4.2, we propose a new MDOD structure that substitutes de-
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fault coordinates in a more flexible form. In section 4.3 shows the results of

experiments on the ones proposed in this chapter. Finally, Section 4.4 concludes

this chapter.

4.1 Mixture model with Cauchy distribution

Gaussian distribution is one of the representative continuous probability distri-

butions. But, the likelihood of Gaussian distribution decreases exponentially as

the distance from µ increases by the following probability density function:

N (x;µ,�) =
1

�
p
2⇡

e
� 1

2 (
x�µ
� )2 (4.1)

The 32bit float type is commonly used in a deep neural network. Even if the

predicted coordinate is slightly far away from the ground truth, underflow may

arise due to the limited floating-point precision in the actual implementation.

It causes the problem that the likelihood becomes zero and the loss can not be

backpropagated.

On the other hand, the likelihood of Cauchy distribution decreases quardrat-

ically as the distance from µ increases by the following probability density func-

tion:

F(x;µ, �) =
1

⇡

�

(x� µ)2 + �2
(4.2)

Here, µ, and � are, respectively, the localization and the scaling parameter which

corresponding to the standard deviation of Gaussian distribution. As can be seen

in Figure 4.1, the Cauchy distribution has a heavier tail compared to the Gaus-

sian distribution. Thus, there is much little chance of the underflow problem.

The probability density function of the mixture model using Cauchy is as fol-

60



Figure 4.1: Illustration of the probability density function of Gaussian and

Cauchy distribution. Because of the limited precision of the floating point, for

Gaussian distribution, p(x) = 0 for |x| > 7.202, i.e. underflow in log-likelihood

calculation.

low:

p(b|image) =
KX

k=1

⇡kFk(bltrb)Pk(bc) (4.3)

Due to the use of Cauchy distribution, the loss function is also redefined as

follows:

LMoC = � log

 
KX

k=1

⇡kF(b̂i,ltrb|image)

!
(4.4)

LMoC replaces Gaussian distribution of LMoG with Cauchy distribution and

performs density estimation of bounding box coordinates with a mixture of

Cauchy. To learn the class probability, like the previous Lcat, the negative log-

likelihood of the probability density function is used as the loss function:

LCat = � log
�
p(b0i|image)

�
(4.5)
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Figure 4.2: (a) µ with default coordinates µ̄ which need to predefined width and

height of bounding boxes (µ̄ : (x̄, ȳ, w̄, h̄). (b) µ does not need the predefined

width and height of bounding boxes.

Here, since Cauchy distribution has a heavy tail, a lot of RoIs b0 could be sam-

pled away from µ. In order to focus on higher likelihood area, we probabilisti-

cally sample the RoIs from µ through ⇡. The final loss function is defined the

same as the final loss function of the previous MDOD:

LMod = LMoC + ↵LCat
(4.6)

Here, ↵ controlls the balance between the two terms.

4.2 MDOD without predefined default coordinate (µ̄)

The mixture model estimated by MDOD’s localization parameter µ is calculated

by adding the network output (o1) and the default coordinates. In other words,
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the default coordinates represent the basic position and size of the bounding

box expressed by each mixture component. Here, the width and height of the

default coordinates are manually set before the training like the anchor box of

the conventional method. Where S is the coordinates range, which is defined by

the width and height of the input, the width, and height of the default coordinates

are setted to quadratically increase for the feature-level l 2 {1, · · · , 5}, in the

previous version of MDOD:

S ⇥ (l/6)2, l 2 {1, · · · , 5} (4.7)

We propose a method to obtain the localization parameter µ of the mixture

model by using a new structure instead of the default coordinates fixed in a

predefined form in order to obtain the predicted bounding box more robustly.

Figure 4.2 shows the µ output part of the previous MDOD structure using the

default coordinates and the new MDOD structure. As can be seen in (b) of Fig-

ure 4.2, the µ-map is calculated from o1 2 Rhm⇥wm⇥4. In the decoder block,

first, each element of o1 is scaled by a factor of sl depending on the level l of

the feature map in the feature pyramid: o01 = s ⇥ o1. In this chapter, we set the

scaling factor sl as:

sl ⇥ (l/6)2, l 2 {1, · · · , 5} (4.8)

The center-offset (x̄, ȳ) is the default position of the mixture components that

are spatially aligned to match the network’s output. The center-offset is added

to the first two channels (dx0, dy0) of o01 which correspond to the deviation from

the center-offset. By adding the center-offset, the positions of the mixture com-

ponents are spatially aligned to match the output of the network. The overall

computation of a center coordinate in x-direction is as follows: x = x̄ + dx
0.

The same applies also to the y-direction. The last two channels of o
0
1 act as

63



γ π

4 4 1

hm

wm

#classes+1

o1 o2 o3 o4

p

 softmax 
axis: ch

conv

MDOD-V2

level scale 
softplus 

 softmax 
axis: h x wFig 4.2 (b) 

μ

Figure 4.3: The architecture of MDOD-V2. The µ, and � are the localization

and scale parameters of Cauchy distribution. Also, the p, and ⇡ are the class

probability and mixing coefficient, respectively.

the width and height. Like the previou structure, finally, the lrtb-transformation

converts coordinates represented by the center, width, and height (xywh) to the

left-top and right-bottom corners (ltrb). In this decoder structure, the center-

offset has only spatial coordinate, center (x, y), unlike the default coordinates

that have both spatial coordinate and scale (width, height). Instead, the scaling

factor sl is used to adjust only the ratio of the coordinates for each feature level.

Through this, without forcing the predicted bounding boxes as the predefined

form such as the default coordinate or anchor box, we can induce that small

bounding boxes are predicted from the feature-map of the shallow layer, and

large bounding boxes are predicted in the deeper layer.

Figure 4.3 shows the architecture of MDOD-V2. The � is equivalent to the

� in MDOD. To calculate �, the level-scale and the softplus are applied, and

the def-scale �̄ is added. Like MDOD def-std �̄, �̄ is calculated from the width,
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height, and scale-factor fsc of µ. Same as the previous MDOD, the MDOD

network consists of a one 3x3 kernel convolution layer and three 1x1 kernel

convolution layers. Swish function is used as the activation function between

convolution layers.

4.3 Experiments

4.3.1 Experiment settings

Unless otherwise specified in this experiment section, we use the MS COCO

‘train2017’ and ‘val2017’ for training and evaluation, respectively. Input images

are resized to 320×320. ResNet50 with FPN is used as a feature extractor. Also,

we use the stochastic gradient descent optimization with a learning rate of 0.005

and a momentum factor of 0.9. The learning rate is decayed at epochs 120 and

150 with a decay rate of 0.1, and the network is trained up to 160 epochs. Here,

the batch size is 32. Gradient clipping [48] is applied with a cutoff threshold of

7.0. We perform the generally used data augmentation process: the expansion,

cropping and horizontal flip described in [40]. The controlling parameter of loss

function ↵ is setted to 2.

4.3.2 Default coordinate and level-scale

In table 4.1, we compare the detection performance (APs) according to whether

the predefined default coordinates and the level-scale are used. When the default

coordinate is not used, the center-offset consisting only of center coordinates

without the predefined width and height is used. As seen in table 4.1, when not

using level-scale, the detection performance drops slightly if default coordinates

are also not used. However, if the default coordinates are not used, using level-
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Figure 4.4: The ratios of underflowed components for Cauchy and Gaussian dis-

tributions at each training epoch. Guassian distribution shows a high underflow

ratio: 0.9063. On the other hand, the cauchy distribution shows a much lower

underflow ratio: 0.0125.

scale shows the improvement of detection performance.

4.3.3 Gaussian and Cauchy distribution

In this chapter, we re-designed the mixture model to use Cauchy distribution in-

stead of Gaussian distribution. Table 4.2 shows the detection performance (APs)

of MDOD according to the distribution of bounding box coordinates and sam-

pling methods. MDOD with Cauchy distribution shows better APs than Gaus-

sian. When using Gaussian distribution, Sampling RoIs from MoG shows higher

APs than sampling RoIs from µ and ⇡. On the other hand, when using Cauchy

distribution, Sampling RoI from µ and ⇡ shows higher APs than sampling Rois

from MoC.
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def-wh lv-scale AP AP50 AP75 APS APM APL

X 31.8 51.6 33.3 15.5 34.7 49.0

X 32.4 52.1 34.0 15.5 35.5 50.0

Table 4.1: The detection performances (APs) of MDOD for the default coor-

dinate and the level-scale. The ‘def-wh’ denotes the width and height of the

predefined default coordinates (µ̄). And, the ‘lv-scale’ means the level-scale.

distribution sampling AP AP50 AP75 APS APM APL

Gaussian MoG 32.4 52.1 34.0 15.5 35.5 50.0

Gaussian µ+ ⇡ 31.2 51.4 31.9 14.7 33.9 48.2

Cauchy MoC 32.7 51.9 34.4 15.9 35.2 49.7

Cauchy µ+ ⇡ 33.0 52.9 34.2 16.4 35.4 50.0

Table 4.2: The detection performances (APs) of MDOD for the distribution of

bounding box coordinates and sampling method. The ‘µ + ⇡’ means that sam-

pling the µ using ⇡ as the probability.

fsc AP AP50 AP75 APS APM APL

0.0 30.7 49.8 31.6 14.4 34.0 46.9

0.05 33.0 52.9 34.2 16.4 35.4 50.0

0.1 32.7 53.9 33.9 15.6 35.1 49.6

Table 4.3: Detection performances (APs) of different std-factor (fsc).
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method feature extractor input size AP AP50 AP75 APS APM APL

MDOD ResNet50-FPN 320x320 32.2 53.3 33.8 13.7 34.0 47.5

MDOD-V2 ResNet50-FPN 320x320 33.9 53.8 35.5 14.7 35.1 49.6

MDOD ResNet101-FPN 320x320 33.7 54.9 35.6 13.9 36.1 50.0

MDOD-V2 ResNet101-FPN 320x320 35.0 54.8 36.8 14.4 36.5 51.8

MDOD ResNet50-FPN 512x512 36.5 59.0 39.1 19.2 39.5 48.7

MDOD-V2 ResNet50-FPN 512x512 37.9 59.1 40.2 19.8 40.7 50.5

MDOD ResNet101-FPN 512x512 38.7 61.2 41.7 20.5 42.0 52.2

MDOD-V2 ResNet101-FPN 512x512 40.0 60.7 42.6 20.7 43.1 53.8

Table 4.4: Evaluation result comparison of MDOD and MDOD-V2.

4.3.4 Underflow ratio

In practice, the likelihood of Gaussian and Cauchy distribution can be zero due

to underflow caused by the limited floating-point precision. In order to show this

problem during training, we measure the ratio of components where underflow

occurs due to a large distance from a ground truth bounding box coordinate. As

can be seen in Figure 4.4, in the Cauchy distribution, underflow rarely occurs,

whereas in Gaussian, underflow occurs at a high ratio throughout the training

process (about 0.9 ratio). The APs of MDOD using Gaussian and Cauchy dis-

tribution are 32.7 and 33.8, respectively.

4.3.5 Default scale parameter of Cauchy (�̄)

The default scale parameter of Cauchy �̄ is obtained from the hyper-parameter

scale-factor fsc and o1. Table 4.3 reports the detection performances (APs) ac-

cording to fsc. Experimentally, when fsc is 0.5, the APs is highest.
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4.3.6 Evaluation result comparison

To evaluate the new MDOD, MS COCO ‘train2017’ is used to training, and the

MS COCO ‘test-dev2017’ is used to evaluation. For training MDOD with static

size input (320x320, 512x512, and 640x640), we use the setting described in

‘Experiment settings’ of this chapter for optimization, traning epoch, augmen-

tation, and etc.

For training MDOD with variable size input (short-800), the learning rate

is decayed at epoch 60 and 65 with a decay rate of 0.1. MDOD is trained up

to 70 epoch and the batch size is 16. We apply the same augmentation strate-

gies used in RetinaNet, and FCOS: the horizontal flip, and the scale jitter. For

a fair comparison with the methods using ‘short-800’ such as RetinaNet, and

FCOS, MDOD network uses the 10 convolution layers that have 256 channels,

when using ‘short-800’ input. This is the same number of convolutions with

RetinaNet, FCOS, and etc. Other detailed settings are the same as MDOD using

static size input.

Comparison with MDOD

To measure the improvement of MDOD quantitatively, we compare MDOD-V2

to the previous version of MDOD. Table 4.4 reports the APs of MDOD and

MDOD-V2. For all comparisons, MDOD-V2 outperforms the MDOD. In AP

which is the primary evaluation metric of MS COCO, MDOD-V2 shows the

meaningful performance improvements (+1.3 >) in all results. Especially, in

the aspect of the object size, MDOD-V2 shows the significant improvements of

APL (+1.6 >) more than APS (+0.2 >) and APM (+0.4 >).
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method feature extractor input size AP AP50 AP75 APS APM APL

Baseline ResNet50-FPN 320x320 30.1 45.9 32.4 6.4 34.7 50.8

MDOD-V2 ResNet50-FPN 320x320 33.9 53.8 35.5 14.7 35.1 49.6

Baseline ResNet101-FPN 320x320 31.1 46.8 33.6 6.7 36.1 52.3

MDOD-V2 ResNet101-FPN 320x320 35.0 54.8 36.8 14.4 36.5 51.8

Baseline ResNet50-FPN 512x512 35.0 53.2 38.1 15.0 40.2 50.7

MDOD-V2 ResNet50-FPN 512x512 37.9 59.1 40.2 19.8 40.7 50.5

Baseline ResNet101-FPN 512x512 36.6 54.5 39.8 15.6 42.0 53.2

MDOD-V2 ResNet101-FPN 512x512 40.0 60.7 42.6 20.7 43.1 53.8

Baseline ResNeXt101-FPN 512x512 37.1 54.9 40.3 16.1 42.6 53.0

MDOD-V2 ResNeXt101-FPN 512x512 41.0 61.1 43.9 21.9 45.1 54.5

EfficientDet [57] Efficient-D0 512x512 33.8 52.2 35.8 12.0 38.3 51.2

MDOD-V2 Efficient-D0 512x512 35.2 56.5 36.8 16.9 37.3 48.7

EfficientDet [57] Efficient-D1 640x640 39.6 58.6 42.3 17.9 44.3 56.0

MDOD-V2 Efficient-D1 640x640 40.5 62.0 42.8 21.5 42.8 55.3

Table 4.5: Evaluation result comparison of Baseline and EfficientDet with

MDOD-V2.

method small medieum large

Baseline 0.23 12.30 26.12

Table 4.6: Average of the number of anchor boxes matched with a ground truth

bounding box by conventional hand-crafted matching criteria (IoU > 0.5).
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method feature extractor input size
net-

time

pp-

time

total-

time
FPS

Baseline ResNet50-FPN 320x320 17 4 21 47.6

MDOD-V2 ResNet50-FPN 320x320 16 2 18 55.6

Baseline ResNet50-FPN 512x512 22 6 28 37.5

MDOD-V2 ResNet50-FPN 512x512 21 2 23 43.5

Table 4.7: Inference time (ms) comparison of Baseline and MDOD-V2. ‘net-

time’, ‘pp-time’ and ‘total-time’ mean network inference, post processing and

total inference time, respectively.

Comparison with the baseline

We set up a simple baseline that learns bounding boxes through the conventional

training method. In order to compare this baseline and MDOD-V2 as fairly as

possible, we use the completely same batch size, augmentation strategy, and

network architecture excluding the output layer to the baseline and MDOD-V2.

The baseline network is trained by smooth l1 and the cross entropy with hard

negative mining. And, the baseline uses nine shapes of anchor boxes per each

cell of output.

As can be seen in the Table 4.5, MDOD-V2 outperforms the baseline. MDOD

shows much higher performance in the small objects (APS), whereas baseline

shows higher performance in the large objects (APL). Table 4.6 is average of

the number of anchor boxes matched with a ground truth bounding box by the

conventional hand-crafted matching criteria: (IoU > 0.5) in the training phase

of baseline. As can be seen from this table, many anchor boxes are matched to

large boxes, but matching is not performed well for small boxes. Therefore, the
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baseline shows poor performance in the small box while the large box learns

better. This is a disadvantage of the conventional training method that relies on

hand-crafted matching. Also, in Table 4.7, MDOD-V2 shows a faster inference

speed than the baseline. The reasons are as follows: The predictions of MDOD-

V2 is only 1 for each cell in the output. Thus, the number of filters of output

layer becomes smaller than that of the baseline (MDOD-V2: 90, Baseline: 765).

In addition, MDOD-V2 predicts fewer boxes than the Baselines (MDOD-V2:

2134, Baseline: 19206). The number of predictions can affect the speed of the

post-processing using NMS.

Comparison with EfficientDet

We compared the detection performance of MDOD-V2 with that of EfficientDet

[57], a state-of-the-art method using the conventional training method. For the

sake of fairness, the feature extractor used in EfficientDet is also applied to

MDOD-V2.

In Table 4.5, this version of MDOD-V2 taking the structural superiority

of EfficientDet’s feature extractor shows better APs than the original Efficient-

Det in all the cases using the same feature extractor and input size. Especially,

MDOD-V2 with Efficient-D1 achieved the highest AP (40.5) in this table. What

is remarkable about these results is that this improvement is not caused by struc-

tural changes, heuristic or complex processing, but by a novel approach of learn-

ing distribution of bounding boxes in multi-object detection networks.

Comparison with other methods

Table 4.8 and Figure 4.5 show the APs and FPSs of multi-object detectors. We

compared MDOD-V2 with other representative methods using the similar fea-
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ture extractor based on ResNet to focus on the methodology of multi-object

detection. For comparison with more multi-object detection methods, we per-

formed evaluations using not only static sized input images (320x320, 512x512)

but also variable sized input (short-800). Here, the same augmentations used in

RetinaNet, FCOS, and etc are applied to train short-800 model. However, only

keypoint-based methods are compared using Hourglass [45] as feature extractor

due to the characteristics of methodology.

In the comparison with the methods using a static sized input, MDOD-V2

clearly outperforms in both terms of detection performance and speed without

any bells and whistles. The MDOD-V2 is not designed to speed up the infer-

ence time nor to reduce the computation. However, since MDOD-V2 has the

advantages mentioned in the ‘comparison with the baseline’ and does not use

modified convolution modules that require more computation, it shows faster

inference speed than other methods when using the same input size and simi-

lar feature extractor. In comparison with the method using variable size input,

MDOD-V2 shows promising results as a new detection methodology. But unlike

the case of using a static sized input, it does not outperform the other state-of-

the-art detectors. In the training with short-800 images, the number of mixture

components K is large and changed depending on the size of the input. There-

fore, we speculate that large K, which changes during training, may interfere

with the optimization. However, as the new approach to using mixture model-

based density estimation, our method has a lot of room for advancement by

further research for the mixture model and density estimation.
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method feature extractor input size AP AP50 AP75 APS APM APL FPS

static size input image:

SSD321 [40, 20] ResNet-101 321x321 28.0 45.4 29.3 6.2 28.3 49.3 -

RefineDet [65] ResNet-101 TCB 320x320 32.0 51.4 34.2 10.5 34.7 50.4 -

M2Det [67] ResNet-101 MLFPN 320x320 34.3 53.5 36.5 14.8 38.8 47.9 21.7

PASSD � [30] ResNet-101 FPN 320x320 32.7 52.1 35.3 10.8 36.5 50.2 34.5

MDOD-V2 ResNet-101 FPN 320x320 35.0 54.8 36.8 14.4 36.5 51.8 37.0

SSD513 [40, 20] ResNet-101 513x513 31.2 50.4 33.3 10.2 34.5 49.8 -

RefineDet [65] ResNet-101 TCB 512x512 36.4 57.5 39.5 16.6 39.9 51.4 -

M2Det [67] ResNet-101 MLFPN 512x512 38.8 59.4 41.7 20.5 43.9 53.4 15.8

PASSD � [30] ResNet-101 FPN 512x512 37.8 59.1 41.4 19.3 42.6 51.0 22.2

EFGRNet [46] ResNet-101 512×512 39.0 58.8 42.3 17.8 43.6 54.5 21.7

NETNet [35] ResNet-101 NNFM 512×512 38.5 58.6 41.3 19.0 42.3 53.9 27.0

MDOD-V2 ResNet-101 FPN 512x512 40.0 60.7 42.6 20.7 43.1 53.8 29.4

variable size input image:

Faster R-CNN [55] ResNet-101 FPN short-800 36.2 59.1 39.0 18.2 39.0 48.2 -

Libra R-CNN [47] ResNet-101 FPN short-800 41.1 62.1 44.7 23.4 43.7 52.5 9.5

Grid R-CNN [41] ResNet-101 FPN short-800 41.5 60.9 44.5 23.3 44.9 53.1 -

Cascade R-CNN [4] ResNet-101 FPN+ short-800 42.8 62.1 46.3 23.7 45.5 55.2 7.1

RetinaNet [37] ResNet-101 FPN short-800 39.1 59.1 42.3 21.8 42.7 50.2 9.6

FoveaBox [32] ResNet-101 FPN short-800 40.8 61.4 44.0 24.1 45.3 53.2 -

FSAF [72] ResNet-101 FPN short-800 40.9 61.5 44.0 24.0 44.2 51.3 -

FCOS [58] ResNet-101 FPN short-800 41.5 60.7 45.0 24.4 44.8 51.6 -

FreeAnchor [66] ResNet-101 FPN short-800 43.1 62.2 46.4 24.5 46.1 54.8 9.1

ATSS [64] ResNet-101 FPN short-800 43.6 62.1 47.4 26.1 47.0 53.6 -

MDOD-V2 ResNet-101 FPN short-800 42.4 61.6 45.8 25.4 45.6 52.7 10.5

Table 4.8: Evaluation results of various methods with MDOD-V2. ‘�’ denotes

soft-nms [3]. The ‘short-800’ means to use an image that the shorter side is

resized as 800 and the longer side is resized as smaller than 1333, while main-

taining the aspect ratio.
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Figure 4.5: Comparison of speed (FPS) and APs. The circles and rectangles

denote static and variable sized input, respectively.

4.4 Conclusion

MDOD solves the multi-object detection problem by estimating the density of

the bounding box for an input image. In this chapter, we propose MDOD-V2,

which is improved MDOD in two aspects. First, we re-design the mixture model

using Cauchy distribution instead of Gaussian. This solves the underflow prob-

lem of floating-point precision. Second, we propose the level-scale operation

that can replace the default coordinates. The level-scale operation flexibly in-

duces that small bounding boxes are outputted from the shallow layer, and large

bounding boxes are outputted from the deeper layer, without forcing the predic-

tion to the predefined scale of the default coordinates. As a result, MDOD-V2

shows detection performance beyond MDOD. However, in the experiment us-

ing variable size input, MDOD-V2 does not reach state-of-the-arts detection

performance, thus, further research is required.
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Chapter 5

Training MDOD without RoI sampling

To take the probability of the negative predictions into account, the class proba-

bilities considering the background are commonly used as the confidence score

of the predicted bounding box. But, while the input image has a background

area, the set of ground truth bounding boxes generally does not include the

background class.

MDOD and MDOD-V2 learn the class probability with background class

using RoI sampling. The RoI sampling process is performed to obtain the RoI

bounding boxes {b0} including both foreground and background classes. The

RoIs are sampled from the estimated mixture model that is trained to represent

the ground truth bounding box coordinates distribution for an input. The back-

ground bounding boxes in the RoIs can be regarded as hard-negative samples. In

the RoI sampling, these background samples are acquired stochastically, unlike

the previous heuristic negative-mining methods.

However, even though RoI sampling uses a statistical part different from

previous heuristic sampling methods, IoU-based matching between RoIs and

ground truth is still required. Although MDOD has a simpler learning procedure
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Figure 5.1: Comparison of MDOD and MDOD-FG structure for ⇡ and p.

compared to the conventional training methods, it still requires RoI sampling

which is additional processing to calculate the loss. RoI sampling still remains

a process that complicates the training of the MDOD.

In this chapter, we propose the MDOD-FG, a new learning method, and

structure for training an MDOD without RoI sampling. In section 5.1, we ex-

plain the architectural change to train MDOD-FG without RoI sampling. In sec-

tion 5.2, we describe the objective function. In section 5.3, we show the results

of experiments on the ones proposed in this chapter. Finally, Section 5.4 con-

cludes this chapter.

5.1 Foreground probability and mixing coefficient

In this section, we propose MDOD-FG, the new structure to train MDOD with-

out RoI sampling. The alternative way to learn background probability pbg is

to learn the foreground probability pfg = 1 - pbg. Returning to the nature of

the probability distribution, we attend to learning the appropriate normalized
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confidence from the mixture model. In the mixture model, the probability of the

mixture component is expressed as the mixture coefficient ⇡. In other words, the

mixture component that is likely to belong to the foreground area has the higher

⇡. In this aspect, we assume that ⇡ could be regarded as the foreground proba-

bility scaled so that the sum becomes 1. From this assumption, we proposed the

method to learning the foreground probability pfg through ⇡.

Figure 5.1 shows the change of MDOD output structure for pfg and ⇡. As

can be seen in Fig 1, the sigmoid activation outputs the pfg. And then, the ⇡ is

calculated from the pfg as follows:

⇡k =
pk,fgP

K

k0=1 pk0,fg
(5.1)

Here, the pk,fg denotes the foreground probability of k-th mixture componenet.

Note that, unlike the previous version of MDOD, the background class is ex-

cluded in the class probability pc of the new MDOD-FG. Thus, the confidence

score p(c) is calculated as follow:

p(c) = pc ⇥ pfg (5.2)

5.2 Training without RoI sampling

In this section, we propose the simple objective function to train MDOD-FG

without RoI sampling. The new MDOD-FG is trained by maximizing the like-

lihood of the estimated mixture model for the ground truth bounding boxes b̂ of

an input image. Thus, the loss function is defined as the negative log-likelihood

function:

LMM = � log
⇣
p(b̂i|image)

⌘
(5.3)
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Here, the likelihood of the estimated mixture model by MDOD for a bounding

box is follow:

p(bi|image) =
KX

k=1

⇡kN (bi,ltrb;µk,�
2
k
)P(bi,c; pk,c) (5.4)

Like training a classification network, the loss LMM can be calculated from the

network output of the MDOD-FG without any separate heuristic and complex

processing. There is no need for complex learning procedures of conventional

training methods, nor even the RoI sampling process of previous MDODs. In

this process, the foreground probability is not directly learned. Instead, a com-

ponent with a high mixing coefficient is learned to have a high foreground prob-

ability through ⇡. The training procedure of MDOD-FG without RoI sampling

is described as pseudo-code in Figure 8.3 of Appendix.

5.3 Experiments

5.3.1 Experiment settings

In this section, MDOD-FG uses Cauchy distribution and the level-scale of MDOD-

V2. Same as the setting of the experiment of chapter 4, MS COCO ‘train2017’

and ‘val2017’ dataset is used for training and evaluation, respectively. 320×320

size of input images is used. We perform the same augmentation process spec-

ified in the experiment setting of chapter 4. ResNet50 with FPN is used as a

feature extractor. Other training details also follow the experiment setting of

chapter 4.
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method AP AP50 AP75 APS APM APL

MDOD-V2 33.0 52.9 34.2 16.4 35.2 49.7

MDOD-FG 31.9 50.8 32.8 13.5 34.2 49.6

Table 5.1: Detection performances (APs) of MDOD-V2 and MDOD-FG.

method f1-score precision recall

MDOD-V2 53.0 54.0 52.2

MDOD-FG 52.5 54.0 51.0

Table 5.2: F1-score, precision, and recall of MDOD-V2 and MDOD-FG. The

‘f1’ denotes the f1-score.

MDOD-V2 MDOD-FG

⌃K

k
pk,fg 41.4 9.2

Table 5.3: The summation of foreground probability (pfg) of the estimatied mix-

ture model from MDOD-V2 and MDOD-FG.
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5.3.2 Comparison with MDOD-V2

Table 5.1 reports the APs of MDOD-V2 and MDOD-FG. The AP of MDOD-

FG is significantly inferior to that of MDOD-V2. On the other hand, MDOD-

FG shows the same precision and a little lower f1-score than MDOD-V2 in

Table 5.2. The f1-score, precision, and recall are calculated from the top-Ngt

predicted bounding boxes. In this Table, MDOD-FG’s precision is the same as

MDOD-V2, but its recall is a little lower than MDOD-V2. It means that over-

all MDOD-FG outputs fewer predicted bounding boxes than MDOD-V2. This

characteristic of MDOD-FG acts worse on AP, which is an evaluation method

that also considers precision when high recall, than f1-score.

MDOD-FG without RoI sampling has the following fundamental differ-

ences compared to MDOD-V2. MDOD-V2 acquires foreground decision crite-

ria (IoU 0.5) through RoI sampling, whereas MDOD-FG does not. MDOD-FG

may learn the foreground area more strictly than the foreground sample decision

criteria set for evaluation, which may lead to a decrease in the overall foreground

probability. Table 5.3, shows the summation of the foreground probability of the

predicted bounding boxes. In this Table, MDOD-FG shows a much lower fore-

ground probability than MDOD-V2.

5.4 Conclusion

MDOD and MDOD-V2 learn the class probabilities including background class

through the RoIs sampled from the estimated MoG or MoC. Thus, the additional

processing, the RoI sampling process, is required to calculate the loss for train-

ing the network. In this chapter, we propose a new version of MDOD, MDOD-

FG that can be trained without the RoI sampling process. We design the MDOD
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network as can be trained the foreground probability through ⇡. By doing this,

MDOD-FG can be trained without RoI sampling, and any additional process to

calculate the loss. This method simplifies the training process of multi-object

detection. However, in the commonly used evaluation metric (AP), this pro-

posed method shows lower performance than the previous MDODs. In terms

of detection performance, the proposed method in this chapter is needed to be

further research.
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Chapter 6

Application of MDOD

In this chapter, we utilize our proposed method, MDOD and density estimation-

based training using a mixture model, to the other two research topics. First is

bounding box compression of multi-object detection. It has a more specific re-

search target for multi-object detection. Most multi-object detectors do not out-

put the set of result bounding boxes directly. Instead, they predict the bounding

box candidates and then remove the duplicate bounding boxes. We propose the

new duplicate bounding box removal method using MDOD. and show the fea-

sibility of the proposed method. Second, we apply MDOD to multi-person pose

estimation. Multi-person pose estimation is the task of predicting the body pose

of multiple persons. We show that by applying MDOD to multi-person pose es-

timation, our proposed method is applicable not only to multi-object detection

but also to other tasks of computer vision.
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6.1 MDOD for duplicate bounding box removal

Multi-object detectors perform the estimation of the bounding box coordinates.

However, the bounding box coordinates that representing an object have am-

biguity caused by occlusion, inaccurate labeling, variety of object’s shape, and

so on [26]. Since this ambiguity increases the uncertainty of the localization

models, the network proposes many candidates of bounding boxes rather than

predicting a set of result bounding box prediction directly. These bounding box

candidates are produced as sampling distribution for the various possibility of

bounding boxes rather than a most possible one bounding box. Thus, the post-

processing based on non-maximum suppression (NMS) is generally performed

in most object detection methods to remove the duplicate bounding box candi-

dates and obtain a set of result bounding box predictions.

The NMS-based post-processing is straightforward and effectively solves

the duplication problem described above, so it has been used as the most com-

mon post-processing method so far. The standard NMS method, Greedy NMS,

is consisted of the following two steps: 1) greedily select a result bounding

box with the highest confidence score from the predicted candidates. 2) remove

the other candidates that overlap with the selected result bound-ing box from

the previous step. This iteration is repeated again, excluding the selected result

bounding box and the removed overlapping candidates, until there are no more

candidates left to get rid of. In this procedure, each iteration is not independent,

meaning that the result of an iteration affects the next iteration. The process

mentioned above is repeatedly conducted for each object’s class category.

In this section, we propose a new bounding box compression method using

MDOD. NMS can be regarded as a process of clustering adjacent candidates and
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Figure 6.1: Illustration of Local Maximum Module.

extracting the representative bounding boxes from them. In our method, instead

of repeatedly performing NMS for each class in the post-processing step using

adjacent hyper-parameters (IoU threshold), the MDOD predicts the distribution

of the bounding box in the form of a mixture model. And we use the mixture

model to learn the local maximum bounding boxes. To this end, we propose

the local maximum module (LMM) and objective function to train the network.

Also, we developed a method to perform bounding box compression using the

estimated mixture model.

6.1.1 MDOD with local maximum module

To select the local maximum bounding boxes, we additionally use a separate

mixture model. In MDOD, it is not guaranteed that only one mixture component

is used to represent the distribution of one bounding box since the number K of
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components of the mixture model is generally larger than the number of ground

turth bounding boxes. In other words, several components may have been used

to represent the distribution of a single bounding box.

We propose the local maximum module (LMM) to learn the local maxima of

the mixture components. As can be seen in Figure 6.1, LMM outputs a mixture

model for clustering. LMM is worked in the following steps: First, the mask

generator receives µ and ⇡ and creates a local maximum mask for each IoU

threshold. Figure 6.2 shows the mask generation process when K is 4. The IoU

matrix is obtained from the µ, and is thresholded as binary according to the

IoU threshold. If a mixture component has the highest probability (⇡) among

adjacent components, 1 is output as the mask of it, and 0 is output for the mixture

component that is not. Second, the weight of the mask is calculated from the

inputted features and weighted summation is performed to calculate the local

maximum score g. Finally, LMM outputs the parameters of a mixture model.

The ⇡̄0 and �
0 are outputted in the same way as ⇡ and � in MDOD-V2. And µ

0

shares the same value with µ. The ⇡
0 is obtained by multiplying the g and the

⇡̄0. After that, ⇡0 is normalized so that the summation is 1.0.

LMM provides a structural foundation so that one bounding box can be
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expressed as one mixture component. LMM plays a functionally similar role to

NMS. However, the following parts are different from the NMS process: 1) In

the inference phase, no specific adjacent threshold (IoU threshold) is specified.

Instead, it sets several possible adjacent thresholds and the network selects the

appropriate adjacency for each mixture component in between. 2) LMM does

not output the binary result and outputs the local maximum scores between 0

and 1. 3) Unlike NMS, it is possible to learn using gradient descent through

mask weight.

6.1.2 Learning local maximum score

To train a mixture model to select local maxima, we propose the following loss

function:

LLMS = �log( max(b̂i) )� � ⇥ log(
max(b̂i)

⌃K

k=1⇡
0
k
F 0
k
(b̂i)

) (6.1)

max(b̂i) = maxk2{1,...,K}(⇡
0
k
F 0
k
(b̂i)) (6.2)

The first term induces the mixture component with the local maximum ⇡
0 to

have a high likelihood. The second term learns g to reduce the difference of like-

lihood between a maximum mixture component and a mixture model. Here, the

gradient by the second term of LLMS is backpropagated only to ⇡
0. Therefore,

⇡
0 is learned to reduce the distributional redundancy of each mixture compo-

nent. The � is a hyper-parameter controlling the balance between the first term

and the second term of LNMS .

6.1.3 Inference

In the inference phase, µ is used as coordinates of the predicted bounding boxes.

On the other hand, unlike MDOD, MDOD with LMM does not directly use the
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class probability p as a confidence score. Instead, we consider the local maxi-

mum score g and calculate the confidence score as follows: p⇥g. In this process,

the confidence score of duplicate bounding boxes decreases. This decreased

confidence score acts as the duplicate bounding box removal. Therefore, un-

like most multi-object detectors including MDOD, MDOD-LMM does not use

NMS for deduplication.

6.1.4 Results

In this section, we notate our proposed methods as MDOD-LMM. We per-

formed training and evaluation to show the feasibility of the proposed duplicate

bounding box removal method. Input images are resized to 320×320. ResNet-

50 with the FPN network is used as the feature extractor. For training, rotation,

expand, crop, and horizontal flip are used for data augmentation. ADAM opti-

mizer [31] is used for gradient descent. The initial learning rate is set to 0.01

and decayed at 90e, 110e. Here, the decay rate is 0.1. MDOD-LMM is trained

up to 120e.

We measured the performance change of the proposed method according

to the IoU thresholds of the mask generator. As seen in Table 6.1, when using

one IoU threshold, MDOD-LMM shows the highest performance at the IoU

threshold 0.6. Since using one IoU threshold, only the mask generator is used,

in the LMM, and the LLMS is not backpropagated to learn local maximum score

g. When using multiple IoU thresholds, MDOD-LMM stably shows higher AP

than when using one IoU threshold.

In the calculation of LLMS , the � means the sensitivity of duplicate box

removal. We measured the performance according to the � of LLMS . In Table

6.2, MDOD-LMM shows the highest APs when the � is 1.0, but the difference
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IoUs AP AP50 AP75 APS APM APL

{0.4} 33.1 51.8 34.7 14.8 35.1 50.8

{0.6} 33.8 52.4 35.5 15.4 35.9 52.0

{0.8} 30.7 44.7 33.9 14.7 33.4 48.0

{0.4, 0.6, 0.8} 34.4 53.5 36.0 15.6 36.5 52.6

{0.4, 0.5, 0.6, 0.7, 0.8} 34.3 53.3 35.9 15.6 36.9 51.7

Table 6.1: The detection performances (APs) of MDOD-LMM for different IoU

thresholds of the mask generator.

� AP AP50 AP75 APS APM APL

0.5 34.3 53.4 35.8 15.7 36.1 52.3

1.0 34.4 53.5 36.0 15.6 36.5 52.6

2.0 33.0 52.0 34.6 15.3 34.8 51.0

Table 6.2: The detection performances (APs) of MDOD-LMM for the � of

LLMS .

Method AP AP50 AP75 APS APM APL

NMS 33.6 53.5 34.5 15.7 35.9 51.7

LMM 34.4 53.5 36.0 15.6 36.5 52.6

Table 6.3: The detection performances (APs) comparison with NMS-based post-

processing.
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with the � 0.5 is marginal. On the other hand, when � is 2.0, AP of MDOD-

LMM decreases by 0.8.

Based on the best results in Table 6.1 and 6.2, we compared MDOD-LMM

with NMS-based post-processing, a commonly used duplicate bounding box

removal method. Table 6.3 shows the result. MDOD-LMM shows better results

overall. Especially, there is a larger improvement in the AP75 than AP50. This

means that when the evaluation criteria for localization are strict, MDOD-LMM

shows better detection performance. Also, MDOD-LMM shows better results

for medium and large objects than for small objects.

6.2 MDOD for multi-person pose estimation

Multi-person pose estimation is the task to find multiple persons as the form of

a human pose on an input image. A human pose consists of the keypoints repre-

senting the human body joints. Instead of learning the coordinates directly, most

previous multi-person pose estimation methods learn the heatmaps for the key-

points of the human body and obtain the resultant poses from them. However,

these methods require the additional process to extract the human pose coor-

dinates from the estimated heatmaps since they learn the heatmaps rather than

directly learn the coordinates of the human poses. Moreover, heatmap-based

methods use hourglass-like networks that require a relatively large amount of

computation [45].

In this section, we apply MDOD to multi-person pose estimation. MDOD

can be easily applied to multi-person pose estimation by adjusting the dimension

of the mixture model. By doing this, we propose mixture density pose estimator

(MDPE) that is modified MDOD for multi-person pose estimation and training
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process to train it. In addition, we train MDPE using MPII, a representative

dataset of multi-pose estimation, and show the feasibility of MDPE. Unlike the

previous heatmap-based methods, our proposed method does not need the extra

process of extracting bounding boxes from the heatmap. It is also more friendly

to the feature pyramid style networks that are computationally more efficient

than hourglass-like networks.

6.2.1 Mixture density pose estimator

Figure 6.3 shows the architecture of our proposed multi-pose estimator called

as mixture density pose estimator (MDPE) that is the multi-person pose esti-

mation version of MDOD. MDPE architecture is based on MDOD-FG, i.e, it

uses the Cauchy distribution and does not use the default coordinates. As seen

in Figure 6.3, the dimension of mixture parameter µ, and � are 32. The person

on an input image is detected as the human pose composed of the keypoints

(joints) of the human body, not the bounding box. In the MPII dataset, the 17-

keypoints are used to represents the human body. Each keypoint is expressed

in two-dimensional coordinates (x,y), so the pose consists of a 32-coordinates.

Thus, 32-dimensional Cauchy distribution is used to learning the distribution of

human pose. The ltrb-operation, which is a function of transforming the coor-

dinates of the bounding box, is also not used. In addition, the person class is

only detected in the multi-person pose estimation task. Therefore, only the fore-

ground score is learned without learning the class probability separately. Since

there is one class of interest, the foreground score is used as the person class

score.
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Figure 6.3: The architecture of MDPE for multi-person pose estimation. The

human body pose is expressed as a 16-keypoints. Each keypoint is two-

dimensional coordinates (x, y).

6.2.2 Learning keypoints

The human body pose is expressed as a 32-dimensional vector. This is a much

higher dimension than the bounding box, which is a four-dimensional vector

(left, top, right, bottom). Since the course of dimensionality, It is more difficult

to perform density estimation in a high-dimensional sparse space. Therefore, we

propose a keypoint grouping method to overcome the high-dimensional space.

In each training iteration, we randomly split the 16-keypoints into 8-groups

which has 2-joints. Each group is a 4-dimensional vector and, is regarded as

the sub-set of human pose. After that, the final loss Lpose is calculated by cal-

culating LMM for 8-group and summation them:

Lpose =
8X

i

Li,MM (6.3)
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6.2.3 Inference

Same as multi-object detection, we choose µ’s as coordinates of the predicted

poses in the inference phase. Like bounding box prediction, the pose prediction

can be duplicated. Therefore, we perform the NMS to remove the duplicate

poses. To NMS, the bounding box is produced from the left, top, right, and

bottom coordinates of the pose, and the similarity between poses is measured

through the IoU of this bounding box.

6.3 Results

We use the MPII dataset for training and evaluation of MDPE. The initial learn-

ing rate is 0.01. the learning rate is decayed at 150, 230, and 280 epoch. The

decay rate of learning rate is 0.1. Training is carried out up to 300 epochs. For

data augmentation, we use rotation, expand, random crop, and random hori-

zontal flip operation. For other details, the same experimental settings used in

MDOD-FG are used.

Table 6.4 shows the performance of MDPE according to the number of key-

point groups. A 1-group means that you have not done shuffle and grouping.

MDPE without keypoint grouping records the lowest mAP in this table. It re-

flects the importance of keypoint grouping in the training of MDPE. MDPE

with the 8-group shows the highest mAP. The 8-group is the smallest group (2-

keypoints in each group) and consists of the 4-coordinates dimension same as

the bounding box of MDOD.

We compared the multi-person pose estimation performances with other

single-stage (bottom-up) methods. For comparison, the methods that do not

require a separate multi-object detector for localization, such as MDPE, were
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method 1-group 2-group 4-group 8-group

mAP 67.8 78.0 79.3 80.2

Table 6.4: The multi-person pose estimation performance (mAP) of MDPE ac-

cording to the number of keypoint group.

method head shoulder elbow wrist hip kneck ankle mAP

OpenPose [5] 89.0 84.9 74.9 64.2 71.0 65.6 58.1 72.6

ArtTrack [28] 88.8 87.0 75.9 64.9 74.2 68.8 60.5 74.3

RMPE [18] 88.4 86.5 78.6 70.4 74.4 73.0 65.8 76.7

Newell et al. [43] 92.1 89.3 78.9 69.8 76.2 71.6 64.7 77.5

Fieraru et al. [19] 91.8 89.5 80.4 69.6 77.3 71.7 65.5 78.0

MDPE 93.1 93.4 86.7 76.9 85.3 94.3 47.0 80.2

Table 6.5: Comparison of single-stage (bottom-up) pose estimation methods

with MDPE on MPII dataset.

selected. Table 6.5 shows the results of various multi-person pose estimation

methods on the MPII test dataset. In the Table 6.5, our proposed method, MDPE,

shows the highest mAP. However, MDPE shows the worst performance at the

ankle. We speculate that the low AP of MDPE at ankle is due to the MDPE

learning method that learns the joint probability of keypoints without learning

each keypoint independently. But instead, this MDPE learning method may be

more helpful in finding the overall body pose. Figure 6.4 shows a visualization

of the ground truth poses and the result of MDPE. As can be seen in Figure 6.4,

MDPE can predict human pose regardless of the number of person.
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Figure 6.4: Visualization of the ground truth poses and the predicted result of

MDPE. The first and third columns are input images with ground truth poses.

The second and fourth columns are the predicted poses of MDPE.

6.4 Conclusion

In this dissertation, we propose the novel multi-object detector, mixture density

object detector (MDOD). This chapter introduces the application examples of

MDOD in other research subjects. First, we apply MDOD to duplicate bounding

box removal in multi-object detection. To this end, we propose the local maxi-

mum module (LMM). Through these, MDOD replaces NMS which is the con-

ventional duplicate bounding box removal method. Second, we apply MDOD

to the multi-person pose estimation method. By adjusting the dimension of the

mixture model, MDOD can estimate the distribution of poses of multiple per-
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sons. We call the multi-person pose estimation version of MDOD as mixture

density pose estimator (MDPE). In the MPII dataset, MDPE shows better APs

than other previous single-stage multi-person pose estimation methods.
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Chapter 7

Discussion

7.1 Summary

In the previous multi-object detection methods, the variable number of ground

truth bounding boxes does not be learned directly. Instead, the previous methods

perform training for each ground truth bounding box using heuristics and hand-

crafted processing. In this dissertation, we aim to reduce the heuristics and hand-

crafted processing in the process of training multi-object detectors. To this end,

we approach multi-object detection as the density estimation of the bounding

box for an input image.

In the chapter 3, we propose the novel multi-object detector, mixture den-

sity object detector (MDOD). MDOD estimates the distribution of bounding

boxes on an input image using a mixture model. The estimated mixture model

is composed of Gaussian and categorical probability distribution. In addition,

we propose the objective function and training process to train MDOD through

density estimation. In our method, the matching algorithm and careful design

of anchor boxes are not needed. Also, in the training, MDOD is free from the
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foreground-background imbalance problem. This is obviously different from al-

leviating the problem using a separate process such as heuristic sampling and

focal loss.

In the chapter 4, we propose MDOD-V2 which is improved version of

MDOD. In MDOD, Gaussian distribution is used to express the distribution

of bounding box coordinates. We replace Gaussian to Cauchy distribution in

MDOD-V2. Through this, the underflow problem during training is solved.

Also, MDOD-V2 use the level-scale operation instead of the predefined default

coordinates of MDOD. Through these, MDOD-V2 archives the higher detection

performance (APs) than the MDOD.

In our experiments, MDOD and MDOD-V2 show competitive evaluation re-

sults comparing to other state-of-the-art multi-object detection methods in both

terms of detection performance and speed. It is noteworthy that this performance

is achieved not by structural changes or heuristic and complex processings, but

by a new approach to multi-object detection. We believe that MDOD laid an

initial step towards a new direction to multi-object detection which has a large

room for improvements that can be achieved by further research and develop-

ment.

In the chapter 5, we propose a method to train MDOD without RoI sampling

that is proposed in MDOD to learning a class probability including background

class. This MDOD is called MDOD-FG. In the aspect of the training process,

MDOD can be learned by just calculating the loss from the network output and

ground truth bounding boxes.

In the chapter 6, we applied MDOD to the other two research topics. First,

we used MDOD to remove the duplicate bounding boxes in multi-object detec-

tion. The duplicate bounding box removal process can be regarded as a process
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of clustering bounding boxes and extracting the representative bounding boxes

from the cluster. By doing this, we propose the local maximum module (LMM)

and the objective function to train networks. Second, we show that MDOD can

be applied to multi-person pose estimation problems. MDOD can be easily ap-

plied to multi-person pose estimation by adjusting the dimension of the mix-

ture model. However, the human pose is expressed in a much higher dimension

than the bounding box. This makes learning the human pose difficult. To alle-

viate this, we propose a keypoint grouping method. In both resaerch topics, the

method we proposed shows meaningful performance.

7.2 Future works and broader impacts

7.2.1 Modeling the distribution of bounding boxes

Which density model is used to estimate the probability distribution is an im-

portant thing in terms of density estimation. Changing the density model may

cause practical and theoretical differences. For example, in this dissertation, the

mixture model using the Cauchy distribution as a component shows higher de-

tection performance (AP) than the Gaussian mixture model. Like this, in our

framework, detection performance may depending on which model the distri-

bution of the bounding box is estimated through, and there is a large room for

performance improvement, depending on the design of the model.

7.2.2 Normalized confidence score

In this dissertation, MDOD and MDOD-V2 learn the class probability with the

background using RoIs to obtain a normalized confidence score. In MDOD-FG,

the foreground score is learned through the mixing coefficient ⇡, and the con-
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fidence score is calculated from it. However, MDOD and MDOD-V2 require

the RoI sampling process in the training phase. Also, MDOD-FG shows lower

detection performance than the training method using RoI. To improve our pro-

posed method, we need to study the appropriate normalized confidence from the

mixture model, returning to the nature of the probability distribution.

7.2.3 The number of mixture components

In the mixture model, the number of components K is one of the important

hyper-parameters. There is a need for research on how to dynamically decide

appropriate K according to the input.

7.2.4 Object in higher dimension

The multi-person pose estimation task expresses an object in higher dimensions

than multi-object detection. Nevertheless, in the chapter 6, we successfully ap-

plied MDOD to multi-person pose estimation without major modifications. we

think that MDOD can be applicable to other visual recognition tasks other than

multi-object detection or multi-person pose estimation.

7.2.5 Likelihood for any bounding box

In the previous methods, we can only know the class probability of the predicted

bounding boxes. But we cannot obtain the statistical information of any bound-

ing box that is not included in the set of predicted bounding boxes. However,

in MDOD, the probability density function is clearly defined. We can get the

likelihood for any bounding boxes from this probability density function of the

mixture model estimated by MDOD. That is, we can obtain the likelihood of

the bounding box for an arbitrary object by calculating the probability density
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function. This unique characteristic helps the analysis of the multi-object detec-

tor, and opens up the possibility of applications to other fields. Also, by itself,

this characteristic can be utilized as a function that receives a query bounding

box from the user and returns the statistical information of it.

7.2.6 Knowledge transfer with MDOD

In knowledge transfer of the previous multi-object detectors, due to the difficulty

of the predicted bounding box matching between the networks, it is difficult to

pass the network’s bounding box predictions directly to the other network. But,

MDOD outputs a probabilistic distribution of bounding box for an input im-

age. Through the estimated probability density model, we think that MDOD can

easily pass the information of the predicted bounding boxes as a probabilistic

distribution.
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Chapter 8

Appendix
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def conventional training procedure(anchor, delta, prob, gt box, gt label, fg th=0.5, bg ratio=3):

# anchor: the predefined shape of bounding box for each prediction.

# (delta: (#anchor, 4), prob: (#anchor, #class)): network predictions.

# (gt box: (#gt, 4), gt label: (#gt, #class)): ground truth annotations.

# fg th: foreground threshold, bg ratio: the ratio between the background/foreground.

# matching

iou pair = calculate iou(anchor, gt box) # (#anchor, #gt box)

max iou, max idx = max(iou pair, dim=1) # (#anchor), (#anchor)

fg idx = get foreground idx(max iou >= fg th) # (#fg)

# get foreground anchor and delta (prediction)

fg anchor = anchor[fg idx] # (#fg)

fg delta = delta[fg idx] # (#fg)

# get matched gt box for foreground anchor

fg max iou = max iou[fg idx] # (#fg)

matched gt box = gt box[fg max iou] # (#fg, 4)

# generate target and calculate regression loss

mat gt xy, mat gt wh = matched gt box # (#fg, 2), (#fg, 2)

fg anchor xy, gt anchor wh = fg anchor # (#fg, 2), (#fg, 2)

target delta xy = (mat gt xy ≠ fg anchor xy) / fg anchor wh

target delta wh = log(mat gt wh / fg anchor wh)

target delta = concatenate(target delta xy, target delta wh, dim=1) (#fg, 4)

reg loss = distance function(fg delta, target delta)

# background mining (hard negative mining)

n fg = fg idx.shape[0]

n bg = n fg � bg ratio

prob bg = prob[:, 0]

tmp bg loss = ≠log(prob bg) # (#anchor)

tmp bg loss[fg idx] = 0.0

bg idx = get top k idx(tmp bg loss, k=n bg) # (#bg)

# generate target and calculate classification loss

fg prob = prob[fg idx] # (#fg)

bg prob = prob[bg idx] # (#bg)

fg target label = gt label[fg max iou] # (#fg)

bg target label = create zero vector(size=bg prob) # (#bg)

fg bg prob = concatenate(fg prob, bg prob) # (#fg + #bg)

target label = concatenate(fg target label, bg target label) # (#fg + #bg)

cls loss = cross entropy(fg bg prob, target label)

return reg loss, cls loss

Figure 8.1: Pytorch like pseudo-code for the conventional training procedure of

the previous multi-object detectors.
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def mdod training procedure(mu, sigma, prob, pi, gt box, gt label, fg th=0.5, roi ratio=3):

# (mu: (K, 4), sigma: (K, 4), prob: (K, #class), pi: (K, 1)): network predictions.

# (gt box: (#gt, 4), gt label: (#gt, #class)): ground truth annotations.

# fg th: foreground threshold, roi ratio: the ratio between the roi/ground≠truth.

n gt = gt box.shape[0]

# calculate mog loss

p g = gaussian pdf(gt box, mu, sigma) # (#gt, K)

p mog = sum(n gt � pi � p g, dim=1) # (#gt)

mog loss = ≠log(p mog)

# roi sampling

n roi = n gt � roi ratio

roi box = sampling from mog(mu, sigma, pi, n=n roi) # (#n roi)

iou pair = calculate iou(roi box, gt box) # (#roi, #gt box)

max iou, max idx = max(iou pair, dim=1) # (#roi), (#roi)

bg idx = get background idx(max iou < fg threhsold) # (#roi)

roi label = gt label[max idx] # (#roi)

roi label[bg idx] = 0.0

# calculate mod loss

p g roi = gaussian pdf(roi box, mu, sigma) # (#roi, K)

p c roi = category pmf(roi label, prob) # (#roi, K)

p mm = sum(n gt � pi.detach() � p g roi.detach() � p c roi, dim=1) # (#roi)

cat loss = ≠log(p mm)

return mog loss. cat loss

Figure 8.2: Pytorch like pseudo-code for the training procedure of MDOD.

def mdod fg training procedure(mu, sigma, prob, pi, gt box, gt label):

# (mu: (K, 4), sigma: (K, 4), prob: (K, #class), pi: (K, 1)): network predictions.

# (gt box: (#gt, 4), gt label: (#gt, #class)): ground truth annotations.

n gt = gt box.shape[0]

# calculate mm loss

p cauchy = cauchy pdf(gt box, mu, gamma) # (#gt, K)

p cat = category pmf(gt label, prob) # (#gt, K)

p mm = sum(n gt � pi � p cauchy � p cat, dim=1) # (#gt)

mm loss = ≠log(p mm)

return mm loss

Figure 8.3: Pytorch like pseudo-code for the training procedure of MDOD-FG.
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