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Abstract

Detecting humans in images and videos has emerged as an essential aspect of intelligent video systems
that solve pedestrian detection, tracking, crowd counting, etc. It has many real-life applications varying
from visual surveillance and sports to autonomous driving. Despite achieving high performance, the
single camera-based detection methods are susceptible to occlusions caused by humans, which drastically
degrades the performance where crowd density is very high. Therefore multi-camera setup becomes
necessary, which incorporates multiple camera views for detections by computing precise 3D locations
that can be visualized and transformed to Top View also termed as Bird’s Eye View (BEV) representation
and thus permits better occlusion reasoning in crowded scenes.

The thesis, therefore, presents a multi-camera approach that globally aggregates the multi-view
cues for detection and alleviates the impact of occlusions in a crowded environment. But it was still
primarily unknown how satisfactorily the multi-view detectors generalize to unseen data. In different
camera setups, this becomes critical because a practical multi-view detector should be usable in sce-
narios such as i) when the model trained with few camera views is deployed, and one of the cameras
fails during testing/inference or when we add more camera views to the existing setup, ii) when we
change the camera positions in the same environment and finally iii) when deploying the system on the
unseen environment; an ideal multi-camera setup system should be adaptable to such changing conditions.

While recent works using deep learning have made significant advances in the field, they have
overlooked the generalization aspect, which makes them impractical for real-world deployment. We
formalized three critical forms of generalization and outlined the experiments to evaluate them: gen-
eralization with i) a varying number of cameras, ii) varying camera positions, and finally, iii) to new
scenes. We discover that existing state-of-the-art models show poor generalization by overfitting to a
single scene and camera configuration. To address the concerns: (a) we generated a novel Generalized
MVD (GMVD) dataset, assimilating diverse scenes with changing daytime, camera configurations,
varying number of cameras, and (b) we discuss the properties essential to bring generalization to MVD
and developed a barebones model to incorporate them. We performed a series of experiments on the
WildTrack, MultiViewX, and the GMVD datasets to motivate the necessity to evaluate the generalization
abilities of MVD methods and to demonstrate the efficacy of the developed approach.
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Chapter 1

Introduction

1.1 Problem Statement

1.1.1 Context

In computer vision, humans as target objects are attracting more attention. Researchers have developed

algorithms to help detect, track, and identify humans, which bene�ts various applications, such as sports

analytics, robotics, machine interaction, surveillance, self-driving cars, etc. In-person tracking is achieved

by identifying the same person from every frame in video recordings; motion captured by person

tracking algorithms would aid in the detection and identi�cation of the individual. Studies of learning

human motion can date back to the period before digital video systems and the internet were globally

commercialised. Frameworks were designed to teach computers to see a walking person or to recognise

the gestures of a person. Pedestrians were usually simply modelled using connected cylinders and sticks

representing the topology of body parts. The symmetry of the human body was employed to separate

humans from background. In recent years, imaging technology has advanced dramatically. Cameras

are now more affordable, smaller, and of higher quality than they have ever been. Simultaneously,

computational power has skyrocketed. Computing platforms such as multicore processing and graphical

processing units have been geared toward parallelization (GPU). This hardware version enables the

real-time implementation of Computer Vision algorithms for pedestrian detection and tracking. Rapid

advancements in deep learning, convolution neural network (CNN), and GPU computing power are the

primary reasons for CV-based pedestrian detection and tracking evolution.

Classi�cation, Localization, Detection, and Segmentation are the four main types of tasks in computer

vision as shown in Figure 1.1 from [36].

• Classi�cation : determines which object categories (such as humans, dogs, or cars) are represented

in an image or video.

• Localization : object localization i.e it gives us an information of object but also tells us with a

bounding box which is a position of the object within the image.
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Figure 1.1: Image classi�cation, object detection, and instance segmentation comparison �gure.

• Detection : it detects semantic objects of a speci�c category in a image or captured video sequence.

• Segmentation : it solves the problem of ”which object or scene each pixel belongs to” also

categorized as semantic segmentation and instance segmentation.

Detecting pedestrians is the primary goal of pedestrian detection in an image and video sequence as

well as localizing their positions and sizes. The problem of pedestrian detection is approached in multiple

ways. The classical computer vision based methods use hand crafted features such as HOG [32] features

or randomly generated low level features such as Haar [48] like features. These attributed features are

being used to train the model that performs the classi�cation. Other approaches include using several

simple classi�ers to make a strong classi�er, for example Ada boost. Recently the interest for CNN

has increased since this method has managed to achieve high performance in several different �elds of

computer vision. The most notable results are for general classi�cations tasks such as the ImageNet

Large Scale Visual Recognition Challenge (ILSVRC) [43]. Deep CNNs serve as the foundation for Deep

Learning based pedestrian detection to extract featues from image or video frames and then classify as

pedestrians. These approaches are classi�ed into two types.

• Two Stage Detectors :In two-stage detectors such as R-CNN [18], Fast R-CNN [17], Faster

R-CNN [40], initially, deep features are used to propose approximate object regions, which are

then used for classi�cation and bounding box regression for the candidate. This results in two

stage detectors with high detection accuracy.

• One Stage Detectors :On the other hand one-stage detectors such as SSD [33], YOLO [39].

Without the region proposal step, bounding boxes are predicted over the images. This process

takes less time and can thus be used in real-time devices which achieves high speed.

Person detection is also divided into two categories based on the amount of cameras used for detection,

which are as follows:

2



Figure 1.2: Severe occlusion in monocular detection (left). Multi-camera detection resolves the dif�culty

arising from high occlusion (right).

• Monocular based detection : To perform detections, monocular methods depend on the input

feed of a single camera. These methods offer a simple and straightforward setup but provide no

3D information.

• Multi-camera detection : In multi-camera setups, we have multiple cameras placed at certain

positions and orientation in the environment. The cameras are placed such that their FOV's are

either non-overlapping or overlapping. The major bene�t is we get 3D information of environment.

1.1.2 Challenges in monocular camera detection and Motivation for multi-camera detec-

tion

Since monocular approaches are based on the input of a single camera for detections. Over recent

years these methods has achieved state-of-the-art results. This class of algorithms typically proposes

potential bounding boxes candidate with scores. They then use Non-Maximum Suppression (NMS) to

generate a �nal set of candidates. A feature vector of random dimension can then be computed for any

variable size 2D bounding box in that image using Region Of Interest (ROI) pooling and then it is fed

to a classi�er to determine whether the bounding box resembles a true detection. While this algorithm

has proven its worth on numerous benchmarks, it may fail in cluttered scenes shown in Figure 1.2. This

shows the problem of monocular detectors when people obstruct each other severely.

The multi-camera based methods use images from multiple calibrated cameras observing the same

area from different viewpoints with an overlapping �eld of view to take full advantage of appearance or

geometrical uniformity throughout views to resolve ambiguities in cluttered scenes and acquire accurate

3D localisation as shown in the Figure 1.2 . Basically, it globally aggregates the multi-view cues for

detections and thus motivates the need for multi-camera setup with overlapping FOV's to resolve the

dif�culties arising from high occlusion and crowdedness.

3



Figure 1.3: Camera geometry and pinhole camera model

1.2 Background

In this thesis since we are looking into Multi-Camera Detection, in subsequent sections will discuss

about few terminologies in multi-view detection literature.

1.2.1 Camera Geometry and the Pinhole Model

The pinhole camera model [20] describes the projection of points in 3D space to an image plane as

the mathematical relationship. Let the origin of a Euclidean coordinate system be the centre of projection,

the planeZ = f , which is known as the focal plane or image plane. A point in space with coordinates

(X; Y; Z )T under the pinhole camera model is mapped to the points on image plane( fX
Z ; fY

Z ; f )T as

shown in Figure 1.3. Neglecting the �nal image coordinate, camera geometry is the central projection

mapping from 3D world space to 2D image coordinate. The projection centre is also known as the optical

centre or the camera centre. The line perpendicular to the image plane from thecamera centreis known

as theprincipal ray or principal axis. Theprincipal point is the intersection of the principal axis and the

image plane. Theprincipal plane of the camerais the plane that runs through the centre of the camera

and parallel to the image plane. Camera centre is denoted byC and principal point byp. The camera is

centred at the coordinate origin.

(X; Y; Z )T �! (
fX
Z

;
fY
Z

)T (1.1)

Assuming homogeneous coordinates representation of the world as well as image points, central

projection can be simply expressed in terms of matrix multiplication as a linear mapping between their
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Figure 1.4: The world coordinate and camera coordinate frames are transformed using Euclidean

geometry.

homogeneous coordinates,
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Principal Point : In the image plane origin of coordinates is assumed to be at the principal point in

theory. In practise, this may not be the case, therefore, the Eq. 1.2 is expressed as,

2
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(1.3)

First matrix in right side of the Eq. 1.3 is calledcamera calibration matrixexpressed byK .

Camera Rotation and Translation : Generally, the world coordinate frame determines points in

space.RotationandTranslationconnect the camera coordinate and world coordinate frames. As shown

in Figure 1.4, if the coordinate of the point in the world coordinates isX world = ( X; Y; Z; 1)T , then

X cam is transformed by,

X cam =
h
R t

i
X world (1.4)

whereR is rotation matrix of 3 X 3 andt is translation vector of 3 X 1. Accumulating together we get,

x = K
h
R t

i
X world (1.5)
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Figure 1.5: The discretized ground plane i.e(Z = 0) and representation of presence of human in terms

of cuboid in 3D coordinate system, its corresponding human silhouette in each camera views (i.e camera

view 1, 2 and 3) and the representation of cuboid from 3D coordinates space to Top View coordinates

(Bird's Eye View representation). Red and Green points in 3D coordinate and its corresponding 2D

points in each camera view are used for synchronized calibration of multiple cameras.

x which is the pinhole camera's mapping in the world coordinate frame. The pinhole camera matrix,P,

is denoted by,

x = K
h
R t

i
=

2

6
4

f 0 px

0 f p y

0 0 1

3

7
5

2

6
4

r 1 r 2 r 3 t1

r 4 r 5 r 6 t2

r 7 r 8 r 9 t3

3

7
5 (1.6)

It consists of nine degrees of freedom, three fromK (f; p x ; py); three from the rotation matrixR and

three from the translation vectort. Internal camera parametersK shows camera's internal orientation,

which is �xed. External parametersR andt represent the camera's orientation and position in relation to

a world coordinate system.

1.2.2 Camera Calibration and Top View Representation

To detect a person's presence in the environment, the ground plane are discretized atZ = 0 in 3D

coordinate system and based on the assumption of average human height (i.e 1.8m) and average human

width (0.25m), the presence of a person in 3D is represented as cuboid as shown in Figure 1.5. When this

cuboid is back-projected to respective camera views, the person is localized in the camera view and is

represented using bounding box coordinates.
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Figure 1.6: Illustrating Perspective Transformation by assuming every pixels on the ground plane i.e

(Z = 0) . Image(left) is projected to the ground plane(center). Similarly, feature maps can be projected to

the ground plane(right).

We require 2D-3D correspondences to calibrate camera i.e to estimate intrinsic and extrinsic pa-

rameters of camera. The cameras in WildTrack , MultiViewX and GMVD dataset are calibrated and

synchronized based on the above assumption of grid structure and obtained annotated 2D and 3D corre-

spondences. To calibrate the cameras we used the Pinhole camera model as mentioned in the section

1.2.1, due to its widespread usage and support in multiple libraries, including OpenCV.

The Top View or BEV representation of ground plane means looking to 3D scene from the top

perspective. In Figure 1.5 the discretized ground plane location observed from top view perspective is

shown. This rectangular area (Top View) can also be used for tracking. Let's consider 3D coordinate

(X; Y; Z = 0) and Top View coordinate, where area is of dimensions(tvwidth ; tvheight ) and origin of top

view grid is(tvorigin x ; tvorigin y ) = (0 ; 0). Based on the de�ned grid in 3D system(grid width ; grid height )

we can obtain the top view coordinates(tvx ; tvy).

Figure 1.6 shows the perspective transformation of an image to the discretized ground plane (top

view). In the same way features are being transformed to the top view, this type of projection suffers less

from spatial structure break as compared to projection of an image, because 2D spatial information in

feature maps has already been concentrated into individual pixels .

1.2.3 Probabilistic Occupancy Maps (POM)

The Probabilistic Occupancy Map is a method for estimating the marginal probabilities of individual

presence at each location in a given area of interest. In another words, given the evidence provided by the

background subtraction, it estimates the probability that someone is standing at each location. Figure 1.7

and Table 1.1 refers to some common notations and representations used in this subsection. The ground

plane of an environment is discretized and every location represents the presence of individuals.

They are written as,

P(X o
i = 1 jB i ); for everyo andi (1.7)

Given such aP(B i jX i ) model, which is the result of background subtraction provided the true

occupancy of the scene, estimatingP(X i jB i ) becomes a Bayesian Computation. This cannot be done

with the generic method because of the complexity of the non-trivialP(B i jX i ) model and due to the
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Figure 1.7: POM

dimensionality ofB i andX i . This problem is being addressed by representing humans as rectangles,

which are then used to generate ideal synthetic imagesAV
i as shown in Figure 1.7 and determine whether

or not people are present at speci�ed locations. We approximate the occupancy probabilities as the

marginals of a product lawQ minimising the Kullback-Leibler divergence from the ”true” conditional

posterior distribution.

More speci�cally, in 1.2.3.1 two assumptions of independence are mentioned from which analytical

results are derived. In 1.2.3.2 we discuss about the generativeP(B jX ) model, which entails calculating

the distance between the actual imagesB and the synthetic image which is a function ofX . Based on

the model and the assumptions, in subsection 1.2.3.3 an analytical relationship between estimates of the

marginal probabilities of occupancyP(X 1
i = 1 jB i ); :::; P(X L

i = 1 jB i ) is been derived by minimizing

the Kullback-Leibler divergence between the corresponding true posterior and the product law.

1.2.3.1 Independence Assumptions

The two independence assumptions stated below will allow us to derive the relationship between the

optimalqos analytically:

First assumption is that people in the environment do not consider the presence of other people when

moving around while avoidance strategies are ignored. This can be formally written as,

P(X 1; :::; X L ) =
Y

o

P(X o) (1.8)

Second assumptionconsiders all statistical dependencies between bounding box views to be caused

by the presence of individuals in the environment. This is the same as de�ning the bounding box views

as vector functionsX = ( X 1; :::; X L ) plus some noise which is independent. This means that once the

presence of all individuals is determined, the bounding box views become independent. This is valid till

we ignore other hidden variables such as morphology or garments, which may in�uence multiple views

at the same time. This assumption are written as,

P(B 1; :::; B V jX ) =
Y

V

P(B V jX ) (1.9)
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Table 1.1: POM Notations

WXH image dimension.

V total number of camera views.

L total locations when the ground plane is discretized.

T total number of bounding boxes for a frame.

t bounding box index for frames.

Q product law for approximation, the posterior distributionP(jB i ) for a �xed i ,.

EQ Expectation ofX � Q.

qo is marginal probability forQ, i.eQ(X o = 1) .

� o is the prior probability at locationi; P (X o = 1)

AV
o the image of 1's inside a rectangle for the silhouette representation at locationo

observed from camera viewV , and 0's elsewhere.

I i images from camera viewsI i = ( I 1
t ; :::; I V

i ).

B i the background subtracted binary imagesB i = ( B 1
i ; :::; B V

i ).

X i is the boolean random variable vectorsX 1; :::; X L for occupying the locationo

on the ground planeX o
i = 1 .

1.2.3.2 Generation of Image Model

Let the synthetic imageAV be obtained by putting rectangles at positions whereX o = 1 , hence

AV = 
 oX oAC
o , where
 is the “union” of two images. An image like this is a function ofX and thus a

random quantity. The background subtracted imageB V is modelled as if it were an ideal image with

some noise. According to empirical evidence, it appears that the noise increases as the area of theAV

ideal image, pseudo-distance	( B; A ) is introduced to account for this asymmetry.	 is written as,

	( B; A ) =
1
�

jB 
 (1 � A) + (1 � B ) 
 Aj
jAj

(1.10)

The background subtraction quality is accounted by the parameter� . Smaller the� moreB V is picked

nearer to its ideal valueA

Given the true hidden state, a conditional distributionP(B V jX ) of the background subtracted images

is modelled as a density decreasing with pseudo-distance	( B V ; AV ) between the background subtracted

image and an synthetic imageAV of rectangular shapes where people are present according toX . The

model is de�ned as,

P(B jX ) =
Y

V

P(B V jX ) =
Y

V

P(B V jAV ) =
1
Z

Y

V

e� 	( B V ;A V ) (1.11)
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1.2.3.3 The relationship betweenqos

The expectation underX � Q is denoted byEQ . Because we want to minimise the Kullback-Leibler

divergence between the “true” posteriorP(jB ) and the approximationQ, the following form of derivative

with respect to the unknownqo is been used (see [14] for more detailed derivations).

@
@qo

KL (Q; P(:jB )) = log
qo(1 � � o)
(1 � qo)� o

+ EQ(
X

V

	( B V ; AV )jX o = 1) � EQ(
X

V

	( B V ; AV )jX o = 0)

(1.12)

Hence, if solved as,

@
@qo

KL (Q; P(:jB )) = 0 (1.13)

we get the following,

qo =
1

1 + exp(� o +
P

V (EQ(	( B V ; AV )jX o = 1) � EQ(	( B V ; AV )jX o = 0)))
(1.14)

where,� o = log 1� � o
� o

, EQ(	( B V ; AV )jX o = � ) is the untractable computation. However, under

X � Q, the imageAV is focused aroundB V , we approximate,8� 2 0; 1.

EQ(	( B V ; AV )jX o = � ) ' 	( B V ; EQ(AV jX o = � )) (1.15)

leading to,

qo =
1

1 + exp(� o +
P

V (	( B V ; EQ(AV jX o = 1)) � 	( B V ; EQ(AV jX o = 0))))
(1.16)

1.2.4 Evaluation Metrics

The standard evaluation metrics used for Multi-View Pedestrian Detection proposed in [26, 8] are as

follows:

1.2.4.1 Multi Object Detection Accuracy(MODA )

To evaluate system performance accuracy, it is the primary performance indicator that accounts

for missed detection and false positive counts i.e. it considers both false positives and false negatives.

Assumingmt denotes the number of misses andfp t the number of false positives for each framet, the

Multiple Object Detection Accuracy (MODA ) is computed as,

MODA (t) = 1 �
cm (mt ) + cf (fp t )

N t
G

(1.17)

wherecf andcm are the cost functions for the false positives and the missed detections andN t
G is the

number of ground truth in thet th frame;cf andcm are used as scalar weights that can be changed
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depending on the application. For example, if missed detections are more important than false positives,

we can raisecm and reducecf . cf andcm are both equal(= 1) in this evaluation. We computeNormalized

MODA (N-MODA)as,

MODA (t) = 1 �
P N f rames

t=1 (cm (mt ) + cf (fp t ))
P N f rames

t=1 N t
G

(1.18)

1.2.4.2 Multi Object Detection Precision(MODP )

To evaluate the localization precision the spatial overlap information between the ground truth and the

system output was used. TheMapped Overlap Ratiois computed as,

Mapped Overlap Ratio=

N t
mappedX

i =1

jGt
i \ D t

i j
jGt

i [ D t
i j

(1.19)

wherei th ground-truth object in thet th frame is denoted byGt
i , for Gt

i theD t
i denotes the detected

object, and the number of mapped object pairs in the framet is denoted byN t
mapped. The Multiple Object

Detection Precision(MODP ) for framet is computed as,

MODP (t) =
Mapped Overlap Ratio

N (t )
mapped

(1.20)

This gives us the detection precision in any given frame and by considering total number of relevant

evaluation frames the measure is being normalized. IfN t
mapped = 0 , thenMODP is forced to zero for

that frame. We compute theNormalized MODP (N-MODP)that gives the precision of detection for the

entire sequence,

N -MODP (t) =
P N f rames

t=1 MODP (t)
N f rames

(1.21)

1.2.4.3 P recision and Recall

P recision refers to the proportion of your results that are relevant.Recall, on the other hand, is the

percentage of total relevant results correctly classi�ed by the algorithm . They both are calculated as

follows.

P recision =
True Positive

True Positive+ False Positive
(1.22)

Recall =
True Positive

True Positive+ False Negative
(1.23)

11



1.3 Contributions

A multi-camera approach aggregates the multi-view cues for detections and alleviates the impact of

occlusions in the crowded environment. But it was still unknown how well the multi-view detectors

generalize to unseen data and in different camera setups, this becomes signi�cant because a practical

multi-view detector should be ready to use in a variety of scenarios. Therefore, in this thesis the following

contributions are:

1. Conceptualizing and emphasizing the importance of generalization in Multi-View Detection and

developed a novel GMVD (Generalized Multi-View Detection) dataset using GTA-V and Unity

game engines for the same.

2. Highlighting the shortcomings of the current evaluation methodology and propose novel experi-

mental setup on existing datasets such as WildTrack and MultiviewX.

3. Adapting the baseline architecture to bring generalization to deep MVD. Showing thatpermutation

invarianceof multiple-cameras as an input to the model is crucial for multi-view detection and

average pooling is one minimal way to achieve it. We developed a noveldrop view regularization,

where one of the camera view is dropped randomly while training. Usage of the more effective

loss function like KLdiv (KL Divergence) and Cross Correlation (CC).

4. Demonstrated extensive set of experiments and ablation studies. Showing staggering improvements

in scene and con�guration generalization, paving the way for a practicable Multi-View Detection.

1.4 Thesis outline

The rest of the thesis is organized as follows: In Chapter 2 we investigate and formulate the general-

ization settings required for real-time or deployabale multi-view detection systems. In addition to this,

propose a method and evaluation strategies to incorporate the generalization aspects. In Chapter 3 we

identify the shortcomings of the benchmarking datasets and generate a generic and diverse synthetic

dataset for multi-view pedestrian detection task using game engines.
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Chapter 2

Generalization in Deep Multi-view Pedestrian Detection

2.1 Related Work

The �rst step in multiview pedestrian detection is to aggregate information from multiple RGB camera

views. In 2.1.1 and 2.1.2, given a �xed assumption of human height and width, researchers fused multiple

sources of information for multi-view 2D anchors. The corresponding multi-view 2D anchor boxes and

all the ground plane locations are calculated �rst. In 2.1.3, anchor-free approach is been used which

replaces inaccurate anchor boxes by sampling feature vectors from feature maps at corresponding points

to represent ground plane locations.

2.1.1 Classical Methods

Seminal work by Fleuret [14] cast MVD as predicting occupancy probabilities over a discrete grid, an

idea which has stood the test of time. The classical methods in MVD rely on background subtraction to

compute likelihood over a �xed set of anchor boxes derived using scene geometry, project them on the top

view and use mean-�eld inference or conditional random �eld (CRF) for spatial aggregration [14, 5, 2].

The classical methods, however observe a gradual degradation in detection performance with increased

crowds, as the background subtraction becomes less effective with increase in crowds and clutter. Some

methods do away with background subtraction and rely on handcrafted classi�ers [42] instead.

2.1.2 Anchor based MVD

Anchor based MVD methods replace background subtraction with anchor-based deep pedestrian

detectors like Faster R-CNN [40], SSD [33] and YOLO [39]. Some of these methods process each view

separately [49] and some process them simultaneously [4, 9]. The inaccuracies in the pre-de�ned anchor

boxes [28] limit the performance of these methods. Even if the boxes are correct, locating the exact

ground point to project in each 2D bounding box presents a challenge and leads to a signi�cant amount

of errors. Moreover, some of the Anchor based methods still rely on operations outside of Convolutional

Neural Networks (CNNs), requiring to work out a balance between different potential terms [4].
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Figure 2.1: Three forms of generalization required in MVD: (a) varying number of cameras, (b) different

camera con�gurations, and (c) generalizing to new scenes.

2.1.3 End-to-end Deep MVD

MVDet [23] is a recent anchor-free approach that aggregates multi-view information by perspective

transformation and concatenating multi-view feature map onto the ground plane and then performs

large kernel convolution for spatial aggregation. It overcomes limitations of manual tuning of CRF

potentials, reliance on pre-de�ned 3D anchor boxes and projection errors from monocular detectors. It

aggregates projected features from a ResNet [21] backbone using three convolutional layers to predict the

�nal occupancy map. MVDet achieves notable improvement over the preceding anchor based methods

(over 14% improvement on the WildTrack dataset [8]). The idea from [23] was further enhanced by

using deformable transformers [52] to improve the feature aggregation in MVDeTr [22]. More recently,

SHOT [44] introduced a combination of homographies at multiple heights to improve the quality of the

projections.

2.2 Generalization in Multi-View Pedestrian Detection

The solutions of Multi-View Detection (MVD) has evolved from classical methods to hybrid ap-

proaches and �nally to end-to-end trainable deep learning architectures. Expectedly, the current landscape

of MVD is dominated by end-to-end trainable deep learning methods. By training and testing on ho-

mogeneous data, current deep MVD methods have overlooked critical fundamental concerns, and to

render them useful, the focus should shift towards their generalization abilities. Ideally, three forms of
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generalization abilities are essential for the practical scalability and deployment of MVD methods, which

is illustrated in Figure 2.1.

• Varying number of cameras : The model should adapt to a varying number of cameras (a

network trained on six camera views, should work on a setup with �ve cameras). The model need

not to be re-trained again in such situations.

• Varying camera con�guration : The model should not over�t to the speci�c camera postion and

orientation. The performance should be similar even with altered camera positions, as long as they

span the same dedicated ROI in the environment.

• Scene Generalization : Models trained on one scene should work on another scene (eg:- model

trained on a traf�c signal should work on a setup inside a university).

The most important property to be considered for generalization in an end-to-end trainable model of

multi-camera system isPermutation Invarianceproperty. The solutions proposed in the entire Section

2.1 from classical to End-to-end Deep MVD did not consider thepermutation invarianceproperty while

designing the multi-view detection models. We need to understand, whypermutation invarianceis

important for generalization? The simple anwer to this is, the order in which camera views are given as

an input to the model should have this property ofpermutation invariance. If we provide camera inputs

in the same sequence every time, the model learns the sequence of inputs, thus we need to change the

sequence of inputs every time and make the model to be invariant to the order in which the inputs are

given . This property also ensures the above mentioned three generalization aspects i.e varying number

of cameras, varying camera con�guration and scene generalization.

2.3 Our Developed Method

We developed an anchor free deep MVD method along the lines of [23, 22, 44] speci�cally tailored

to improve the generalization abilities by modifying the training objective and making use of an average

pooling strategy on the projected feature maps. The overall architecture of model is shown in Fig. 2.2.

The input to our pipeline are multiple calibrated RGB cameras with overlapping �elds of view, and the

expected output is the occupancy map for pedestrians.

2.3.1 Feature Extraction and Perspective Transformation

Feature Extractor: We use a ResNet18 [21] backbone as a feature extractor replacing last three

strided convolutions with dilated convolutions to have a high spatial resolution of the feature maps. Given

N camera views of image size(3; H i ; Wi ), whereH i andWi corresponds to height and width of images,

C-channel features are extracted forN camera views which corresponds to size(N; C; H f ; Wf ), where

H f andWf represents the height and width of the extracted features.
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Figure 2.2: Our developed architecture: ResNet features are extracted from the input views, which are

then projected to the top view. Following this, the projected features across views are pooled and then the

�nal occupancy map is predicted. The use of average pooling across views is crucial in ensuring that our

architecture can work for an arbitrary number of views.

Perspective Transformation:The extracted features from the feature extractor are then projected

to the ground plane using a perspective transformation, where(Hg; Wg) corresponds to the height and

width of the ground plane grid. Considering the calibrated cameras,K represents the intrinsic camera

parameters and[Rjt] represents the extrinsic camera parameters (R is the rotation matrix andt is the

translation vector).

In the world coordinate system, the ground plane corresponds toZ = 0 , i.e.,W = ( X; Y; 0; 1)T . A

pixel of an imageI = ( x; y)T is transformed to the ground plane as follows:

I = s
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(2.1)

where perspective transformation matrix is denoted byP and scaling factor bys.

2.3.2 Spatial Aggregation

Average Pooling: We �rst project the ResNet feature maps from each viewpoint on to the bird's

eye view using the perspective transformation to obtain the projected feature mapsfm i (where; i =

1; 2; :::; N ). Following this, we average pool the projected feature mapsfm i to obtain the �nal bird's
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