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1 Abstract

The goal of this lecture is to study deep neural networks for solving the problem of object detection.

At the beginning of the lecture, the object detection problem is stated. An overview of well-known
datasets for real-life object detection (PASCAL VOC 2007, 2012 [9, 10], MS COCO [11], Open Images
Dataset [12]), for face detection and recognition (WIDER FACE [13], LFW [14], AFLW [15], IMDB-
WIKI [16]), for pedestrian detection (Caltech [17], Wider Person [18]) is given. Examples of images and
groundtruth are represented, as well as the main features of these datasets (sizes of train, test and
validation datasets, the number of labeled objects). The most common quality metrics for object detection
are introduced: true positive rate, false detection rate, average false positives per frame, average precision.
Further, well-known deep neural networks for detecting objects in images are considered. Models were
chosen due to the fact that they solve the problem of generating region proposals in different ways. First,
a group of two-stage models is considered: R-CNN (Region-based Convolutional Neural Network) [1],
Fast R-CNN [2], Faster R-CNN [3], R-FCN (Region-based Fully Convolutional Network) [4]. This group
of models involves generating of region proposals (hypotheses about object location) using third-party
methods, as well as the subsequent classification and refinement of the obtained bounding boxes. These
models generate regions using the selective search algorithm or the special neural network RPN (Region
Proposal Network). Also, we consider the one-stage models that provide the generation of regions and
their classification using a single neural network: SSD (Single Shot Multibox Detector) [5], YOLOv1
(You Only Look Once) [6], YOLOV2 [7], YOLOvV3 [8]. The architecture of deep networks and their
features are given. At the moment, a significant number of neural networks that demonstrate good
detection accuracy on public datasets are modifications of the models presented in this lecture. Therefore,
an understanding of the structure and methods of constructing these models is necessary for the
subsequent study of their modifications. In conclusion, a comparison of the quality and inference time of
various deep models for object detection is represented.

Deep models for detecting objects of different classes in images are not limited to those considered in this
lecture. Models are fundamentally different in the way they construct regions of possible object presence.
The use of one or another method significantly affects the speed of model inference.
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