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1 Introduction

Convolutional Neural Networks (CNNs) allow us to classify images. However, it is reasonable to ask if we
use Convolutional networks to detect and classify objects in images. Object detection is applicable to a wide
variety of fields, including autonomous driving, video surveillance, facial detection, and manufacturing. For
example, in a self-driving car, cameras must be able to detect street signs, pedestrians, lane lines, guardrails,
buildings, and more, quickly and accurately to prevent crashes.

This lecture discusses four object detection networks: R-CNN, Fast R-CNN, Faster R-CNN, and Single
Shot Detectors (SSD). Fast R-CNN and Faster R-CNN modify the R-CNN architecture to improve speed
and performance. The Single Shot Detector is an entirely new network design. This lecture is intended
for readers with understanding of traditional Convolutional networks, but no prior knowledge of object
detection networks. Understanding of Fully Convolutional Networks is recommended prior to reading Section
4: “Faster R-CNN”.

2 R-CNN

The Region-based Convolutional Neural Network (R-CNN) is relatively simple. First, we propose some
regions of an image which contain objects. We feed these regions into a CNN, and then we use an SVM to
classify the outputs for each class.
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If we wish to have a CNN classify objects in images, we need to feed in a region of the image to the
CNN. Of course, the question becomes: How do we know which regions to feed into a network? We cannot
possibly try every single possible region of an image; there are too many combinations. We must have a way
to propose regions which are likely to contain objects.

R-CNN is agnostic to the region proposal algorithm. The original R-CNN uses the Selective Search
algorithm, which we will describe below. Since selective search, various region proposal methods have been
developed.
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Figure 1: Too many regions!
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2.1 Selective Search

Selective Search is based upon the principle of segmentation to propose regions. If we can segment an image
into objects, we can simply surround the segmented areas with rectangles, and use the rectangles as our
input regions into the CNN.
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Wouldn’t we need another CNN to perform the segmentation? How could this possibly be efficient? In
fact, we will talk about using CNNs for segmentation later, but Selective Search uses an efficient segementa-
tion technique to generate region proposals. Selective Search is efficient simply because we only care about
recall:

TP
TP +FN

In other words, we don’t care about the number of False Positives (FP) regions, or regions without any
objects, as long as each of the objects in the image is in at least one proposed region. Our CNN can take
care of the false positives, but if all of our proposed regions completely miss an object, we never get the
chance to classify it at all.

Recall =



2.1.1 Segmentation

The actual segmentation algorithm used by Selective Search is not novel at all. Rather, Selective Search
uses the algorithm proposed in “Efficient Graph-Based Image Segmentation” by Felzenszwalb et al. (2004).
The algorithm is decidedly non-trivial, and I will not attempt to explain it here. However, two things are
important for us to know.

First, the segmentation algorithm is highly efficient, running in O(nlogn) time to the number of pixels.
Second, the algorithm tends to over-segment. Notice how the letters on the lower baseball player’s jersey
are segmented from the rest of the jersey. The jersey is segmented from the head of the player.

None of these segmented regions fully contains an object (a baseball player), and thus, none of them are
suitable for drawing a box around and using as an input for our CNN.

Input Image Segmentatio Candidate objects

We wish to somehow separate objects from one another and the background, while maintaining parts of
an object together which may look nothing alike. For example, in the car below, the wheels are part of the
car, and yet have a different size, shape, and color than the body of the car. The chameleon, on the other
hand, is the same color as the leaves around it; it is distinguishable only by texture.

Figure 2: Consider the parts of a car. Figure 3: Texture distinguishes the chameleon.

This is where Selective Search comes in. Selective Search proposes a novel method of combining alike
segmented regions, and recursively merging them to encompass entire objects while simultaneously reducing
the number of proposed regions.
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