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Abstract: Gatherings of thousands to millions of people frequently occur for an enormous variety of events, and automated
counting of these high-density crowds is useful for safety, management, and measuring significance of an event.
In this work, we show that the regularly accepted labeling scheme of crowd density maps for training deep
neural networks is less effective than our alternative inverse k-nearest neighbor (ikNN) maps, even when used
directly in existing state-of-the-art network structures. We also provide a new network architecture MUD-ikNN,
which uses multi-scale drop-in replacement upsampling via transposed convolutions to take full advantage of
the provided ikNN labeling. This upsampling combined with the ikNN maps further improves crowd counting
accuracy. Our new network architecture performs favorably in comparison with the state-of-the-art. However,
our labeling and upsampling techniques are generally applicable to existing crowd counting architectures.

1 Introduction

Every year, gatherings of thousands to millions
occur for protests, festivals, pilgrimages, marathons,
concerts, and sports events. For any of these events,
there are countless reasons to desire to know how many
people are present. For those hosting the event, both
real-time management and future event planning is
dependent on how many people are present, where they
are located, and when they are present. For security
purposes, knowing how quickly evacuations can be
executed and where crowding might pose a threat to
individuals is dependent on the size of the crowds. In
journalism, crowd sizes are frequently used to measure
the significance of an event, and systems which can
accurately report on the event size are important for a
rigorous evaluation.

Many systems have been proposed for crowd count-
ing purposes, with most recent state-of-the-art methods
being based on convolutional neural networks (CNNs).
To the best of our knowledge, every CNN-based dense
crowd counting approach in recent years relies on us-
ing a density map of individuals, primarily with a
Gaussian-based distribution of density values centered
on individuals labeled in the ground truth images. Of-
ten, these density maps are generated with the Gaus-
sian distribution kernel sizes being dependent on a

k-Nearest Neighbor (kNN) distance to other individu-
als [Zhang et al., 2016]. In this work, we explain how
this generally accepted density map labeling is lacking
and how an alternative inverse kNN (ikNN) labeling
scheme, which does not explicitly represent crowd den-
sity, provides improved counting accuracy. We will
show how a single ikNN map provides information
similar to the accumulation of many density maps with
different Gaussian spreads, in a form which is better
suited for neural network training. This labeling pro-
vides a significant gradient spatially across the entire
label while still providing precise location information
of individual pedestrians (with the only exception be-
ing exactly overlapping head labelings). We show that
by simply replacing density map training in an existing
state-of-the-art network with our ikNN map training,
the testing accuracy of the network improves. This is
the first major contribution of the paper.

Additionally, coupling multi-scale drop-in replace-
ment upsampling with densely connected convolu-
tional networks [Huang et al., 2017] and our proposed
ikNN mapping, we provide a new network structure,
MUD-ikNN, which performs favorably compared to
existing state-of-the-art methods. Our network inte-
grates multi-scale upsampling with transposed convo-
lutions [Zeiler et al., 2010] to make effective use of the
full ground truth label, particularly with respect to our



ikNN labeling scheme. The transposed convolutions
are used to spatially upsample intermediate feature
maps to the ground truth label map size for comparison.
This approach provides several benefits. First, it al-
lows the features of any layer to be used in the full map
comparison, where many existing methods require a
special network branch for this comparison. Notably,
this upsampling, comparison, and following regression
module can be used at any point in any CNN, with the
only change being the parameters of the transposed
convolution. This makes the module useful not only
in our specific network structure, but also applicable
in future state-of-the-art, general-purpose CNNs. Sec-
ond, as this allows features which have passed through
different levels of convolutions to be compared to the
ground truth label map, this intrinsically provides a
multi-scale comparison without any dedicated addi-
tional network branches, thus preventing redundant
parameters which occur in separate branches. Third,
because the transposed convolution can provide any
amount of upsampling (with the features being used
to specify the upsampling transformation), the upsam-
pled size can be the full ground truth label size. In
contrast, most existing works used a severely reduced
size label map for comparison. These reduced sizes
remove potentially useful training information. Al-
though some recent works use full-size labels, they
require specially crafted network architectures to ac-
complish this comparison. Our proposed upsampling
structure can easily be added to most networks, in-
cluding widely used general-purpose networks, such
as DenseNet. This proposed network structure is the
second major contribution of the paper.

Importantly, these contributions are largely com-
plementary to, rather than alternatives to, existing ap-
proaches. Most approaches can easily replace their
density label comparison with our proposed ikNN map
comparison and upsampling map module, with little
to no modification of the rest of their method or net-
work architecture. As the ikNN label does not sum to
the count, the ikNN label and map module should go
hand-in-hand.

The paper is organized as follows. Section 2 dis-
cusses related work. Section 3 proposes our new net-
work architecture for crowd counting, MUD-ikNN.
Section 4 details the proposed k-nearest neighbor
map labeling method and its justification. Section 5
presents experimental results on several crowd datasets
and analyzes the findings. Section 6 provides a few
concluding remarks.

2 Related Work

Many works use explicit detection of individ-
uals to count pedestrians [Wu and Nevatia, 2005,
Lin and Davis, 2010, Wang and Wang, 2011]. How-
ever, as the number of people in a single image
increase and a scene becomes crowded, these explicit
detection methods become limited by occlusion
effects. Early works to solve this problem relied
on global regression of the crowd count using low-
level features [Chan et al., 2008, Chen et al., 2012,
Chen et al., 2013]. While many of these methods
split the image into a grid to perform a global
regression on each cell, they still largely ignored
detailed spatial information of pedestrian locations.
[Lempitsky and Zisserman, 2010] introduced a
method of counting objects using density map regres-
sion, and this technique was shown to be particularly
effective for crowd counting by [Zhang et al., 2015].
Since then, to the best of our knowledge, every
CNN-based crowd counting method in recent years
has used density maps as a primary part of their cost
function [Idrees et al., 2018, Sam et al., 2017,
Sindagi and Patel, 2017, Zhang et al., 2015,
Zhang et al., 2016, Shen et al., 2018, Li et al., 2018,
Ranjan et al., 2018, Shi et al., 2018].

A primary advantage of the density maps is the
ability to provide a useful gradient for network train-
ing over large portions of the image spatially, which
helps the network identify which portion of the im-
age contains information signifying an increase in the
count. These density maps are usually modeled by rep-
resenting each labeled head position with a Dirac delta
function, and convolving this function with a 2D Gaus-
sian kernel [Lempitsky and Zisserman, 2010]. This
forms a density map where the sum of the total map
is equal to the total count of individuals, while the
density of a single individual is spread out over several
pixels of the map. The Gaussian convolution allows
a smoother gradient for the loss function of the CNN
to operate over, thereby allowing slightly misplaced
densities to result in a lower loss than significantly
misplaced densities.

In some works, the spread parameter of the
Gaussian kernel is often determined using a k-
nearest neighbor (kNN) distance to other head po-
sitions [Zhang et al., 2016]. This provides a form
of pseudo-perspective which results in pedestrians
which are more distant from the camera (and there-
fore smaller in the image) having their density spread
over a smaller number of density map pixels. While
this mapping will often imperfectly map perspective
(especially in sparsely crowded images), it works well
in practice. Whether adaptively chosen or fixed, the




