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Course Outline
Image(s)

Edge information Texture information Shape information

Scene objects

Scene interpretation Introduction: 
• Image formation 

Extracting features: 
• Contours 
• Texture 
• Regions 

Shape recovery: 
• From one image 
• Using additional images
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Tracking and Counting

From tracking individuals …..
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Tracking and Counting

Liu et al. , CVPR’22

From tracking individuals ….. to tracking crowds. 
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Tracking and Counting

From counting people … to counting stacked objects.  

Dumery et al. , ICCV’25
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Multi-View Tracking of Soccer Players

• Shallow CNNs for background subtraction. 
• Deeper ones to detect the joints of players.  
• Cellphones used as cameras. 
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Tracking Soccer Players

• 2D detections of joints in individual images.  
• Triangulation across images to get 3D positions. 
• Tracking over time. 

Detections Triangulations Tracking

2D
2D

2D
2D

2D

3D 4D
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Tracking over Time
• Triangulation 
• Jerseys 
• Appearance

Create a spatio temporal graph: 
•The nodes are the detections.  
•The edges are potential transitions from locations at time t to time t + dt. 
• Find trajectories using linear programming.  
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Flow Based Formulation

Chapter 3. Physically constrained interaction modelling

(a) (b)

Figure 3.2 – Graphical models. (a) Factor graph for ball tracking. At each time instant t , we
consider the ball location X

t and state S
t along with the available image evidence I

t . (b) Ball
graph used to formulate the integer program. To each node i , is associated a location xi , a state
si , and a time instant ti . The relationship between the variables in both graphs is spelled out in
Eqs 3.3(d,e).

3.3 Problem Formulation

We consider scenarios where there are several calibrated cameras with overlapping fields of view
capturing a substantial portion of the play area, which means that the apparent size of the ball is
generally small. In this setting, trajectory growing methods do not yield very good results both
because the ball is occluded too often by the players to be detected reliably and because its being
kicked or thrown by them result in abrupt and unpredictable trajectory changes.

To remedy this, we explicitly model the interaction between the ball and the players as well as
the physical constraints the ball obeys when far away from the players. To this end, we first
formulate the ball tracking problem in terms of a maximization of a posteriori probability. We
then reformulate it in terms of an integer program. Finally, by adding various constraints, we
obtain the final problem formulation that is a Mixed Integer Program.
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Cost function and IP for people tracking

Chapter 3. Physically constrained interaction modelling

Second-Order Constraints. For each state s and coordinate c of P , we can formulate a second-
order constraint of the form
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K is a large positive constant and O
s,c denotes the locations where there are scene elements

with which the ball can collide, such as those near the basketball hoops or close to the ground.
Given the constraints of Eq. 3.3, M
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otherwise. In other words, the constraint is only effectively active in the first case, that is, when
the ball consistently is in a given state. When this is the case, (A
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s,c ,F s,c ) model the
corresponding physics. For example, when the ball is in the flying state, we use (1,0,0, °g

f ps2 ) for
the z coordinate to model the parabolic motion of an object subject to the sole force of gravity
whose intensity is g . In the rolling state, we use (1,0,0,0) for both the x and y coordinates to
denote a constant speed motion in the x y plane. In both cases, we neglect the effect of friction.
Note that we turn off these constraints altogether at locations in O

s,c .

Possession constraints. While the ball is in possession of a player, we do not impose any
physics-based constraints. Instead, we require the presence of someone nearby. The algorithm
we use for tracking the players [19] is implemented in terms of people flows that we denote as p

j
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Here Pp (xi |I ti ) represents the output of probabilistic people detector at location xi given image
evidence I

ti . vi n , vout 2 Vp are the source and sink nodes that serve as starting and finishing
points for people trajectories, as in [19]. In practice we use the publicly available code of [54] to
compute the probabilities Pp in each grid cell of discretized version of the court.

Given the ball flow variables f
j

i
and people flow ones p

j

i
, we express the in_possession constraints
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People Tracking Integer Program 

s.t.
if in possession

3.4. Learning the Potentials
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where Dp is the maximum possible distance between the player and the ball location when the
player is in control of it, which is sport-specific.

Resulting MIP. Using the physics-based constraints of Eq. 3.4 and 3.5 and the possession
constraints of Eq. 3.7 along with the formulation of people tracking from Eq. 3.6 to represent the
feasible set of states F of Eq. 3.3(f) yields the MIP
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subject to the constraints of Eqs.3.3(a-e), 3.4, 3.5, 3.6(a-c), and 3.7.
(3.8)

In practice, we use the Gurobi [138] solver to perform the optimization. Note that we can
either consider the people flows as given and optimize only on the ball flows or optimize on both
simultaneously. We will show in the results section that the latter is only slightly more expensive
but yields improvements in cases such as the one of Fig. 3.1.

3.4 Learning the Potentials

In this section, we define the potentials introduced in Eq. 3.2 and discuss how their parameters
are learned from training data. They are computed on the nodes of the ball graph Gb and are used
to compute the cost of the edges, according to Eq. 3.3. We discuss its construction in Sec. 3.5.2.

Image evidence potential ™I . It models the agreement between location, state, and the image
evidence. We write
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where Pb(x) represents the output of a ball detector for location x, Pc (s|x, I ) the output of
multiclass classifier that predicts the state s given the position and the local image evidence.
psi (x, s, I ) is close to one when the ball is likely to be located at x in state s with great certainty
based on image evidence only and its value decreases as the uncertainty of either estimates
increases.
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Joint Ball and People Tracking IP

pi
j ≥ f i

j

physical constraints otherwise

[Berclaz et al., 2011]
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Tracking a Volleyball

Ball state indicated 
in top left 

Red bounding box 
shows possession

The physics of the ball have to be modeled!
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From Academia to the Real World

2005

2014

2015

2021
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What about much Denser Crowds?

Do not track individuals but estimate density 
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Density and Perspective

• Density is heavily affected by perspective distortion 
• Obtaining training data is time consuming 
• Synthetic data can be used but it is not perfect
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U-Net Counting

Train a U-Net on both real and synthetic data: 
• How do you reduce the amount of necessary data?  
• How do you label the real data? 
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Perspective Aware Features

• In normal images, the density seems higher near the 
top of the image.  

• To learn features that account for perspective, train 
the network to recognize if an image is upside down. 
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Pre-Training

The network is trained to 
• compute density on the synthetic images, 
• to recognize if images are upside down. 

➡ It leans perspective aware features.  
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Full-Training

The network is fine-tuned on   
• the synthetic images, 
• the real images and automatically generated annotations. 

➡ It leans without manual annotations.  
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Estimating Uncertainty

•During training, for every input vector, a binary mask 
is selected from a set of pre-generated masks and is 
used to zero out a corresponding set of features. 

•By doing this several tines, one can assign a 
variance to the predictions. 

0

1

1

0

Input vector Matrix weights Resulting vector

Set of pre-generated masks

pointwise
matrix

multiplication

sampling
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Density Maps
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Other Kinds of Objects

Use an exemplar to make the counting class agnostic. 

Shi et al., CVPR’22
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What about Stacked Objects?

• We assumed that the target objects were not on top of each other.  
• Here this is clearly not true anymore.  

➡ Many of the objects to be counted are not even visible!
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Problem Statement

+ 

Images

Calibrated cameras
Number or identical 
objects, including the 
occluded ones 
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Volume Occupancy
If we knew the volume of the stack  and of one single object        

, we could get a rough count by computing: 
V

VC

𝒩 =
VC

V

γ = 41.7 %

𝒩 = 413

𝒩 = γ
VC

V

➡  is the volume occupancy we need to estimate, along 
with the total volume .
γ

V
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Occupancy Examples

Object Container Slice Occupancy Image

23



24

Pipeline

To estimate , we need: 

I. An occupancy estimation network 
II. A volume estimation method 
III. Large-scale labeled data for training purposes

𝒩 = γ
VC

V
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Learning to Estimate Occupancy

Synthetic training data Real annotated data
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Selecting a Part of the Image

Image

SAM 2

Selection

Box segmentation

Object segmentation

Crop

SAM 2: Riva  et al. ICLR’25.
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Volume Occupancy Pipeline (1)

Synthetic data

Real data

Images Selected crop
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RGB vs Depth

•Depth is relatively invariant to surface material. 
•More useful than raw RGB to estimate depth.  
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Volume Occupancy Pipeline (2)

Synthetic data

Real data

Images Selected crop Depth

Depth Anything V2. Yang et al. NeurIPS’24
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Volume Occupancy Network

• Fine-tune DINOv2 with a regression head to predict volume 
occupancy 

• Even if we fine-tune only on synthetic data, DINOv2 is pre-
trained on real data which further helps with generalization. 

Depth 
AnythingV2

❄

DINOv2

🔥

🔥

DINOv 2 Oquab et al. TMLR24
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Volume Occupancy Pipeline (3)

Synthetic data

Real data

Images Selected crop Depth
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Global Volume Estimation

Images from 
calibrated cameras

Segments 3DGS Voxels
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Local Volume Estimation

For new objects, perform 
volume estimation from a 
separate set of images to 
get .VC
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Creating a Training Dataset (1)

• Physically simulate 13000 scenes by dropping objects 
from ABC into parameterized containers 

• Multi-view Physically-Based-Rendering

ABC: Matveev et al., CVPR’19
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Creating a Training Dataset (2)

In the synthetic data, , , and  are known !γ V VC

ABC: Matveev et al., CVPR’19
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Results

Dumery et al., ICCV’25
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Comparison

• We outperform humans. 
• We outperform a 2025 LLVM. 
• Estimating from depth works better than from color.
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Future Work

• The current version assumes that the density is 
constant within the volume?  

• Can we relax this assumption? 
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Counting in Short
• Neural nets are key to regressing from images 

to numbers.  
• However, older techniques are also required to 

deploy them effectively.  
• Generating the required training data is a key 

part of implementing a working solution. 


