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Abstract

In many surveillance or monitoring applications, one or more cameras view several
people that move in an environment. Multi-person tracking amounts to using the
videos from these cameras to determine who is where at all times. The problem is
very challenging both computationally and conceptually. On one hand the amount
of video to process is enormous while near real-time performance is desired. On
the other hand people’s varying appearance due to lighting, occlusions, viewpoint
changes, and unpredictable motion in blind spots make person re-identification chal-
lenging.

This dissertation makes several contributions to person re-identification and multi-
person tracking from multiple cameras. We present a weighted triplet loss for learn-
ing appearance descriptors which addresses both problems uniformly, doesn’t suffer
from the imbalance between positive and negative examples, and remains robust to
outliers. We introduce the largest tracking benchmark to date, DukeMTMC, and
adequate performance measures that emphasize correct person identification. A cor-
relation clustering formulation for associating person observations is then introduced
which maximizes agreements on the evidence graph. We assemble a tracker called
DeepCC that combines an existing person detector, hierarchical and online reasoning,
our appearance features and correlation clustering association. DeepCC achieves in-
creased performance on two challenging sequences from the DukeMTMC benchmark,

and ablation experiments demonstrate the merits of individual components.
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1

Introduction

Multi-Target Multi-Camera Tracking (MTMCT) aims to determine the position of
every person at all times from video streams taken by multiple cameras. The re-
sulting multi-camera trajectories enable applications including visual surveillance,
e.g, suspicious activity and anomaly detection, sport player tracking, crowd behav-
ior analysis, and cashierless stores. A problem closely related to MTMCT is person
re-identi cation (RelD). Given a query image of a person, the goal is to retrieve from

a database of images taken by di erent cameras the images where the same person
appears.

MTMCT is a notoriously di cult problem: Cameras are often placed far apart to
reduce costs, and their elds of view do not overlap. This distance between cameras
causes extended periods of occlusion and large changes of viewpoint and illumination
across dierent elds of view. In addition, the number of people is typically not
known in advance, and the amount of data to process is enormous. This dissertation
aims to address ve challenging aspects of MTMC tracking.

The rst challenge is designing good appearance features that can re-identify the

same person at di erent occurrences in the videos. Good appearance features should
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be invariant to changes in viewpoint or illumination, and robust to occlusion and
detector localization errors. There is a vast literature on the topic of modeling human
appearance and recent success is based on supervised deep learning methods. In
this dissertation we design a new hard-negative mining scheme that yields improved
features, and is generic enough to be used in combination with other work. We also
generalize a popular de nition of training loss, and propose a scheme to assign weights
to samples which makes training stable to outliers and leads to fast convergence.

The second challenge is evaluating MTMC trackers. Performance evaluation is
by no means straightforward for three reasons: a) It is di cult to quantify the per-
formance of a complex tracker using a single score, b) di erent applications require
di erent metrics, and c¢) matching ground truth and computed trajectories is a com-
binatorial problem. Previous e orts in the literature have produced metrics that are
mostly suitable for researchers to pinpoint the errors of their trackers, but can fail
to compare di erent systems fairly and uniformly in terms of performance from a
user's perspective. In this dissertation we introduce a set of measures that are con-
ceptually simple, useful for both researchers and the end-users of tracking systems,
interpretable, and fair.

The third challenge in MTMC tracking is meaningful benchmarking. A good
benchmark should be representative of realistic scenarios, provide accurate anno-
tations, contain su cient data to enable training of machine learning models, and
present a level of di culty suitable for accelerating progress in the eld. Existing
MTMC datasets have very simple camera topology, few cameras, are often recorded
in lab conditions, can contain scripted motion performed by actors, and the number
of identities is limited. This dissertation addresses these benchmarking challenges by
introducing the largest MTMCT benchmark to date called DukeMTMC. It contains
high quality video from 8 cameras, is recorded outdoors on a university campus,
was carefully annotated over one year, has non-trivial camera topology, and features

2



more identities than all existing datasets combined.

The fourth challenge pertains to formulating the data association problem, that
is, determining whether person detections correspond to the same identity or not.
The problem is combinatorial and the identities and their number are unknown. In
early work, correspondence had been addressed for consecutive video frames through
greedy or bipartite matching. Subsequent formulations extended the idea to multiple
frames through generalizations of bipartite matchinge.g, nding path covers of
a graph. Nodes in the graph represent observations, and the edge between two
nodes carries a weight that depends on the similarity or correlation between the two
observations at the edge's endpoints. Observations covered by a path belong to the
same identity. In this dissertation we present a stronger formulation that partitions a
correlation graph into sets, one set per identity, and maximizes agreement within sets
and minimizes disagreement between sets. The superiority of this formulation and
robustness to inaccurate evidence is demonstrated empirically on recent benchmarks.

Finally, the overarching challenge addressed in this dissertation is scalability. Can
we design an MTMC tracker that can accurately and e ciently track people in large
amounts of video of unbounded duration? We design a processing pipeline that feeds
state-of-the-art detections to our state-of-the-art problem formulation and appear-
ance features. The pipeline (DeepCC) processes multiple video streams e ciently
utilizing online batch processing, hierarchical reasoning, and good initializations to
the data association formulation. DeepCC achieves near real-time performance and
sets a new state of the art in MTMC tracking with signi cant accuracy improvement
over previous work.

Throughout this dissertation the terminology Multi-Object Tracking (MOT),
Multi-Person Tracking (MPT), Multi-Target Tracking (MTT), and Multi-Target
Multi-Camera Tracking is used interchangeably. MTT will often be used in the

context of single-camera tracking whereas MTMCT will be used in the context of

3



multiple cameras with disjoint views. When cameras have overlapping views, the
literature de nes the problem as Multi-View Tracking. Also, the objects/targets of
interest refer to people, even though in some cases the community is interested in
tracking vehicles or animals.

This dissertation is organized as follows. Chapter 2 discusses features of appear-
ance and is based on Ristani and Tomasi (2018). Chapter 3 reviews performance
evaluation in MTMC tracking and Chapter 4 describes the DukeMTMC benchmarks
for tracking and re-identi cation. They are based on Ristani et al. (2016). Chap-
ter 5 discusses data association formulations and the proposed pipeline for scalable
MTMC tracking. It is based on Ristani and Tomasi (2014) and Ristani and Tomasi
(2018). All the above chapters are self-contained. They rst review related work and
preliminary concepts, and they rely on their own notation and symbols. Chapter 6
gives an overview of future directions, and at last Chapter 7 provides a summary of

our insights and conclusions in chronological order.
1.1 Summary of Contributions

In this dissertation we make the following contributions:

We formulate MTMC tracking as a correlation clustering problem which im-

proves over methods that restrict evidence only along paths.

We propose an adaptive weighted triplet loss that, unlike xed-weight variants,
is both accurate and stable, and does not su er from the imbalance between

positive and negative examples.

We propose an inexpensive hard-identity mining scheme that helps learn better

appearance features.

We introduce the largest available benchmark for MTMC tracking, DukeMTMCT,
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which poses signi cant challenges to existing trackers and provides large amounts

of annotated trajectories to enable deep learning.

We introduce a set of performance evaluation measures that emphasize correct
identi cation rather than the number of individual mistakes. They are simple,

fair, and are more suitable to end users of MTMCT scenarios.

We propose an e cient processing pipeline that achieves state of the art MTMCT

performance.

We provide new insights on the relation between tracking and ranking accuracy

on the DukeMTMCT benchmark.

We show experimentally that our features yield state-of-the-art results on both

MTMCT and Re-ID tasks.

We share lessons learned throughout the years of work that went into making

this dissertation.



2

Appearance Features

Appearance is by far the most informative cue when tracking people over time, within
and across cameras. However, two con icting challenges make appearance modeling
for multi-person tracking and re-identi cation hard. On one hand observations are
ambiguousin that di erent people that look alike may be confused with each other.
Conversely, changing lighting, viewpoint, occlusions and other circumstances may
causevariance of appearancdor a given person, which may not be recognized to be
the same in di erent observations.

Section 2.1 describes work related to modeling person appearance. Section 2.2
describes a supervised approach for learning discriminative appearance features. It
includes an Adaptive Weighted Triplet Loss and a Hard Negative Mining scheme.

The experiments in Section 2.3 demonstrate the bene ts of these techniques.
2.1 Related Work

Human appearance has been described by color (Cai and Medioni (2014); Chen et al.

(2011a, 2015, 2011b); Das et al. (2014); Gilbert and Bowden (2006); Javed et al.

(2008); Jiuging and Li (2013); Kuo et al. (2010); Zhang et al. (2015a,b)) and tex-
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ture descriptors (Cai and Medioni, 2014; Chen et al., 2015; Daliyot and Netanyahu,
2013; Kuo et al., 2010; Zhang et al., 2015a,b). Lighting variations are addressed
through color normalization (Cai and Medioni, 2014), exemplar-based approaches
(Chen et al., 2015), or brightness transfer functions learned with (Das et al., 2014;
Javed et al., 2008) or without supervision (Chen et al., 2011a; Gilbert and Bowden,
2006; Zhang et al., 2015a,b). Discriminative power is improved paliency informa-
tion (Martinel et al., 2014; Zhao et al., 2013) or byearning features speci c to body
parts (Cai and Medioni, 2014; Chen et al., 2015, 2011b; Daliyot and Netanyahu,
2013; Das et al., 2014; Jiuging and Li, 2013; Kuo et al., 2010), either in the image
(Bedagkar-Gala and Shah, 2011, 2012; Cheng et al., 2011) or back-projected onto an
articulated (Baltieri et al., 2013; Cheng and Cristani, 2014) or monolithic (Baltieri

et al., 2015)) 3D body model.

The current state of the art in person re-identi cation relies mainly on deep
learning and the residual network architecture of He et al. (2016). Unlike standard
networks where feature maps in consecutive layers can live in very di erent spaces,
the identity connection of the residual unit adds a prior that consecutive feature
maps should be similar, forcing convolution layers only to learn the residual.

To combat over- tting and improve performance, hard training examples are
typically generated by performing data augmentation (Barbosa et al., 2017; Zhong
et al., 2017). Zheng et al. (2017b) follow an alternate approach and use a Generative
Adversarial Network for mining di cult examples.

Sun et al. (2017) introduce an SVD layer that learns independent features on
each dimension of the descriptor. Zheng et al. (2017a) use a spatial alignment layer
to compensate for localization errors of the bounding box. Use of attributes has
also proven bene cial for complementing appearance features (Layne et al., 2012;
Lin et al., 2017; Schumann and Stiefelhagen, 2017)). More recently attention mech-
anisms have been employed to focus the learning process only on relevant features

7



(Zhou et al. (2018); Xu et al. (2018); Si et al. (2018). Kalayeh et al. (2018) use human
semantic parsing for further feature improvement. Almazan et al. (2018) perform
extensive experiments and discuss best practices for achieving high accuracy in per-
son re-identi cation. The current state of the art model of Wang et al. (2018) learns
discriminative features at multiple levels of granularity.

There has also been research on loss functions for training. Several methods rely
on the categorical cross-entropy loss by casting appearance learning as a multi-class
classi cation problem (Li et al., 2017; Zhang et al., 2017a). Appearance features
are then extracted from the layer preceding the dense layer with softmax activation.
The constrastive loss of Hadsell et al. (2006) was also used in Siamese networks. It
has fallen out of favor to the triplet loss of Schro et al. (2015) which can learn a
more discriminative space. The triplet loss has been further improved to perform
hard example mining within the batch either for each anchor (Hermans et al. (2017);
Mishchuk et al. (2017)), or for the most di cult pair of positives and negatives (Xiao
et al. (2017)). A loss that uses quadruples instead of triples has also been proposed
by Chen et al. (2017a). More recently it has become common practice to combine
multiple losses in the optimization objective. Other loss functions include the center

loss of Wen et al. (2016) and the L2-constrained softmax loss of Ranjan et al. (2017).
2.2 Feature Learning

In this section we show how to learn appearance features useful for both MTMC
tracking and person re-identi cation. MTMCT and RelD di er subtly but funda-
mentally, because RelDranks distances to a query while MTMCT classi es a pair

of images as being co-identical or not, and their performance is consequently mea-
sured by di erent metrics: ranking performance for RelD, classi cation error rates
for MTMCT. This di erence would seem to suggest that appearance features used

for the two problems must be learned with di erent loss functions. Ideally, the RelD
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loss ought to ensure thafor any querya the largest distance between and a feature
that is co-identical to it is smaller than the smallest distance betweea and a feature
that is not co-identical to it. This would guarantee correct feature ranking for any
given query. In contrast, the MTMCT loss ought to ensure that the largest distance
betweenany two co-identical features is smaller that the smallest distance between
any two non co-identical features, to guarantee a margin between within-identity

and between-identity distances.

Figure 2.1 : An ideal feature space where class samples are well-separated

With these criteria, zero MTMCT loss would imply zero Re-ID loss, but not
vice versa However, training with a loss of the MTMCT type is very expensive,
because it would require using all pairs of features as input. More importantly, there
would be a severe imbalance between the number of within-identity pairs and the
much greater number of between-identity pairs. If the learned feature space satis es
the condition that features of di erent identities are well-separatedi.e., the largest
within class distance is smaller than the smallest between class distance, than a loss
which enforces this condition can address appearance learning for both MTMCT
and RelD jointly. An illustration is shown in Figure 2.1. In the next subsection we

present such a loss.



2.2.1 Adaptive Weighted Triplet Loss

Given a large collection of labeled person snapshots we learn appearance features
using an adaptive weighted triplet loss. For an anchor sampbe,, positive samples
Xp P Ppag and negative samplex, P N pag we re-write the triplet loss in its most

general form as:

L3 m WpdPXa; Xpq h Wn dXa; Xnq (2.1)
Xp PP paq Xn PN paq

wherem is the given inter-person separation margind denotes distance of appear-
ance, andr s max0; ¢ The reformulation of the triplet loss from unweighted
to weighted has two advantages. First it avoids the combinatorial process of triplet
generation by using all the samples rather than a selection. Instead, the challenge
of learning good features is to assign larger weights to di cult positive and negative
samples. Second, the positive/negative class imbalance is easily handled by re ecting
it in the weight distribution.

Hermans et al. (2017) and Mishchuk et al. (2017) have proposed the hard triplet
loss with built-in hard sample mining. The hard triplet loss weights for Equation
2.1 are binary in their approach, as the loss considers only the most di cult positive

and negative sample:

W, Xp arg max dpxa; Xq (2.2)
XPP paq

W, Xn arg min dpa,; xq (2.3)
xPN paq

wherer sdenotes the Iverson bracket. This loss gives better results than the original

triplet loss of Schro et al. (2015) with uniform weights because the latter washes
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out the contribution of hard samples and is driven to worse local minima by easy
samples. On the other hand, the uniformly weighted loss is more robust to outliers

because they cannot a ect the weights.

Figure 2.2 : Triplet loss weighing schemes

Can we de ne weights such thatl ;3 converges to parameters at least as good as
the hard triplet loss, yet remains robust to outliers? Our rst improvement per-
tains to weights that achieve high accuracy and training stabilitysimultaneously
Equations 2.2-2.3 assign full weight to the hardest positive/negative sample for each
anchor while ignoring the remaining positive and negative samples. Instead, we
assign adaptive weights using the softmax/min weight distributions as follows (see

Figure 2.2):

dpxaxpq dpxaxnq
T

! Wy e (2.4)

Wp dpxa;xq
T

Ixaxg
xPP paq ' xPN paq
where T is the temperature of the distribution, and defaults to 1. The adaptive
weights in Equation 2.4 give little importance to easy samples and emphasize the
most di cult ones. The lower the temperature, the more weight is assigned to the

di cult samples. If the temperature instead was high, weights would approach the
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uniform distribution. Lowering the temperature is useful when the number of samples
increases.

When several di cult samples appear in a batch, they all get their fair share
of the weight. This di ers from the hard weight assignments of Equations 2.2-2.3
which give importance to thesingle most di cult sample. Adaptive weights are
useful when the most di cult sample in a batch is an outlier, yet there exist other
di cult samples to learn from. Experiments in such cases demonstrate the favorable

properties of adaptive weights.

2.2.2 Hard Example Mining

Figure 2.3 : Hard identity mining: For each anchor identity, half of theP 1
identities in the batch are sampled from the hard identity pool, the other half from
the random identity pool. Hard-negative identities (correct matches) are outlined in
red (green).

For batch construction during training we leverage the idea dP K batches also
introduced Hermans et al. (2017). In each batch there ak€ sample images for each
of P identities. This approach has shown very good performance in similarity-based
ranking and avoids the need to generate a combinatorial number of triplets. During
a training epoch each identity is selected in its batch in turn, and the remaining
P 1 batch identities are sampled at randomK samples for each identity are then
also selected at random.

Our improvement is on the procedure that selects di cult identities. As the
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size of the training set increases, sampling 1 identities at random rarely picks

the hardest negatives, thereby moderating batch di culty. This e ect can also be

observed in the last few epochs of training, when many triplets within a batch exhibit
zero loss.

To increase the chances of seeing hard negatives, we construct two sets to sample
identities from. An example is shown in Figure 2.3. The hard identity pool consists
of the H most di cult identities given the anchor, and the random identity pool
consists of the remaining identities. Then in & K batch of an anchor identity we
sample the remainingP 1 identities from the hard or random identity pool with
equal probability. This technique samples hard negatives more frequently and yet the
batch partially preserves dataset statistics by drawing random identities. The pools
can be constructed either after training the network for few epochs, or computed
from a pre-trained network. We demonstrate the bene t of using the hard-identity

mining scheme in the experiments section.

2.2.3 Data Augmentation

Figure 2.4 : Examples of applying data augmentation to a person image

We augment the training images online with crops and horizontal ips to com-
pensate for detector localization errors and to gain some degree of viewpoint/pose
invariance. For illumination invariance we additionally apply contrast normalization,
grayscale and color multiplication e ects on the image. For resolution invariance we

apply Gaussian blur of varying . For additional viewpoint/pose invariance we ap-
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ply perspective transformations and small distortions. We additionally hide small
rectangular image patches to simulate occlusion, similar to Zhong et al. (2017). We

use the ImgAug library* and illustrate some examples in Figure 2.4.
2.3 Experiments

We run experiments on two person re-identi cation benchmarks to demonstrate the
usefulness of the adaptive weighted triplet loss and hard negative mining. We report
Rank-1 accuracy and mean average precision (mAP). Rank-1 accuracy measures the
percentage of queries whose top retrieved image has the same identity as the query.
MAP is the standard score used for comparing retrieval algorithms. It is the mean
of the average precision scores for each query.

The rst benchmark is Market 1501 introduced by Zheng et al. (2015). Itis a
large-scale person re-identi cation dataset with 1,501 identities observed by 6 near-
synchronized cameras. The dataset was collected in the campus of Tsinghua Univer-
sity. It features 32,668 bounding boxes obtained using the deformable parts model
detector. The dataset is challenging as the boxes are often misaligned and viewpoints
can di er signi cantly. 751 identities are reserved for training and the remaining 750
for testing.

The second benchmark is DukeMTMC-relD. It features 1,404 identities appearing
in more than two cameras and 408 identities who appear in only one camera are
used as distractors. 702 identities are reserved for training and 702 for testing. More
details on this dataset are discussed in Chapter 4.

We use the ResNet50 model of He et al. (2016) pre-trained on ImageNet and
follow its pool5 layer by a dense layer with 1024 units, batch normalization, and
ReLU. Another dense layer yields 128-dimensional appearance features. We train

the model with the adaptive weighted triplet loss, data augmentation, and hard-

! https://github.com/aleju/imgaug
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identity mining. During training we set P 18,K 4, m 1, T 1, and the
image is resolution 256 128. The learning rate is 310 4 for the rst 15000 iterations,
and decays to 107 at iteration 25000. In experiments with hard identity mining we
construct the hard and random pools once with features obtained at iteration 5000,
then sample identities from these pools until the last iteration. The hard identity
pool sizeH is set to 50 and we found that similar scores were obtained with 30-100
identities (4%-15% of all training identities). Extreme sizes yield little gain: A size
of 1 contains a single hard identity which can be an outlier, a large HN pool nears

random sampling.

2.4 Results
Table 2.1: Re-ID results on Market-1501

Euclidean SgEuclidean
Author Method mAP  rank-1 | mAP rank-1
Zhang et al. (2016) DNS 29.87 55.43 - -
Varior et al. (2016) GatedSiamese 39.55 65.88 - -
Zhou et al. (2017) PointSet 44.27  70.72 - -
Barbosa et al. (2017) SomaNet 47.89  73.87 - -
Zheng et al. (2017a) PAN 63.35 82.81 - -
Hermans et al. (2017) TriHard 66.63 8299 | 64.47 82.01
Ristani and Tomasi (2018) AWTL 68.03 84.20 | 65.95 82.16
Hermans et al. (2017) TriHard (+Aug) 69.57 85.14| 68.92 84.12
Ristani and Tomasi (2018) AWTL (+Aug) 70.83 86.11 | 69.64 84.71
Hermans et al. (2017) TriHard (+Aug+HNM) 7113 86.40 | 0.16 0.36
Ristani and Tomasi (2018) AWTL (+Aug+HNM) 71.76 86.94 | 70.19 85.39
Chen et al. (2017b) DPFL (1-stream) 66.50 85.70 - -
Chen et al. (2017b) DPFL (2-stream) 72.60 88.06 - -
Ristani and Tomasi (2018) AWTL (2-stream) 75.67 89.46 | 74.81 87.92

Our Re-ID results for similarity-based ranking are shown in Tables 2.1 and 2.2.
Scores are averages of ve repetitions and no test-time augmentation is used. (a)
Our Adaptive Weighted Triplet Loss (AWTL) consistently improves over the hard
triplet loss of Hermans et al. (2017) and Mishchuk et al. (2017). (b) When training

with square Euclidean distance to emphasize sensitivity to outliers our loss is robust
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Table 2.2: Re-ID results on DukeMTMC-RelD

Euclidean SqgEuclidean
Author Method mAP  rank-1 | mAP rank-1
Zheng et al. (2015) BoW+KISSME 12.17 25.13 - -
Liao et al. (2015) LOMO+XQDA 17.04  30.75 - -
Zheng et al. (2016b) Baseline 4499 65.22 - -
Zheng et al. (2017a) PAN 51.51 71.59 - -
Sun et al. (2017) SVDNet 56.80 76.70 - -
Hermans et al. (2017) TriHard 5460 73.24| 0.28 0.89
Ristani and Tomasi (2018) AWTL 5497 7423 | 5237 71.45
Hermans et al. (2017) TriHard (+Aug) 56.65 7491 | 0.48 1.25
Ristani and Tomasi (2018) AWTL (+Aug) 57.28 75.31 | 55.94 75.04
Hermans et al. (2017) TriHard (+Aug+HNM) 5490 74.23| 0.30 0.94
Ristani and Tomasi (2018) AWTL (+Aug+HNM) 58.74 77.69 | 57.84 76.21
Chen et al. (2017b) DPFL (1-stream) 48.90 70.10 - -
Chen et al. (2017b) DPFL (2-stream) 60.60 79.20 - -
Ristani and Tomasi (2018) AWTL (2-stream) 63.40 79.80 | 63.27 79.08

in all scenarios, whereas the hard triplet loss shows to be unstable on the Duke
dataset. (c) The proposed hard identity mining scheme (HNM) is also bene cial,
and our adaptive weighted loss is both accurate and stable with di cult batches.
(d) We also compare against a recent method by Chen et al. (2017b) that combines
two network streams for better performance. When employing a similar technique
(2-stream ensemble) we improve our ranking accuracy further, demonstrating that
our loss can be used in di erent architectures. Qualitative results for our method

are shown in Figure 2.5.
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Figure 2.5 : Qualitative results for our learned appearance features on the Duke
dataset. Images outlined in green share the identity of the query image, those out-
lined in red do not.

17



3

Performance Evaluation

Evaluating the performance of a tracker is not straightforward. Some measure de -
nitions can be ambiguous, tracking scenarios can be diverse, and di erent end-users
have di erent needs. It is not surprising that di erent evaluation paradigms have
appeared in the literature as well as multiple application-speci c measures. Some
measures report on very detailed aspects of tracker performance and are useful for
analysis. Others look at bottom line performance and are used for ranking and
tracker comparisons. In principle it is impossible to establish one single measure of
performance that satis es end-users with di erent needs.

This chapter begins with a thorough review of existing evaluation measures in
Section 3.1 and analyzes each measure in detail. The interested reader car refer to
Chapter 4 of Betke and Wu (2016) for an additional treatment of existing measures.
Milan et al. (2013) also give a thorough review of challenges in performance evalua-
tion. Section 3.2 discusses a new set of measures that capture how well the tracker
knows who is where over all frames, regardless of when or why mistakes occur. These
identity measures are appropriate for applications where correct identi cation is cru-

cial, e.g, visual surveillance, and are relevant to end-users interested in bottom-line
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tracker performance.

3.1 Existing Measures

3.1.1 Preliminaries

Evaluating a multi-target tracker is typically done in two main steps:

(a) Mapping true and computed identities

(b) Computing scores given the true/computed trajectories and their mapping

There exist two popular types of mapping procedures in the literature for step
(a). The rst type maps true and computed detections optimally and bijectively at
each frame. An example is the CLEAR MOT procedure which was introduced in
Bernardin and Stiefelhnagen (2008) and remains by far the most popular mapping
procedure. At each frame, it rst tries to preserve the mapping of detections from
the previous frame if the match is still valid, and otherwise it matches the remaining
true and computed detections optimally through bipartite matching. The second
type of procedure maps trajectories to each other rather than detections. We refer
to this mapping as identity mapping. Examples include the mapping in Kasturi et al.
(2009), Leichter and Krupka (2013), or in Smith et al. (2005).

For step (b), a set of basic error types are accumulated through a scoring function.
Below is a summary of a few error types and preliminary concepts.

The match condition requires a measure of distance or similarity between a true
and a computed detection, and a threshold to decide if a match has occurred. For
2D image-plane evaluation, most benchmarks measure similarity by the intersection
over union (loU) ratio thresholded at 1/2. For evaluation in 3D world coordinates,
it is common to use Euclidean distance between two positions on a reference ground

plane, in meters, thresholded at 1 meter. Evaluators need to be careful when using
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ground plane evaluation in 3D world coordinates: Due to detector localization errors
the estimated 3D position of a person is more error-prone for far-away people.
The number of false positivesfp; is the number of times the tracker detects
a target in framet where there is none in the ground truth, the number ofalse
negativesfn, is the number of true targets missed by the tracker in frame, and
tp; is the number oftrue positive detections at timet. The capitalized versionsT P,
FP, FN are the sums otpy, fpy, and fn over all frames (and cameras, if more than

one).

A fragmentation occurs in framet if the tracker switches the identity of a
trajectory in that frame, but the corresponding ground-truth identity does
not change. The number of fragmentations at frameé is ., and ¢t

Here and elsewhere, time subscripts for di erent cameras are considered to be

di erent.

A merge is the reverse of a fragmentation: The tracker merges two di erent
ground truth identities into one between frames$*andt. The number of merges

o

at frametis , and ¢t

A mismatch is either a fragmentation or a merge. The number of mismatches

o

S t t, and M ¢t

When relevant, each of these error counts is given a superscript (for \within-
camera") when the frames! and t in question come from the same camera, and a

superscripth (for \handover") otherwise.
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Figure 3.1 : Two outputs that are equally good according to MOTA, yet the second
tracker has better identi cation ability by explaining nearly all of the ground truth
identity ‘A’ through computed identity 'b'.

3.1.2 Multiple Object Tracking Accuracy

Single-camera, multi-object tracking performance is typically measured by the Mul-

tiple Object Tracking Accuracy (MOTA):

MOTA 1 =N ip M. (3.1)

MOTA penalizes detection errors FN  FP) and mismatches M) normalized
by the total number T of true detections. If extended to the multi-camera case,
MOTA and its companions under-report across-camera errors, because a trajectory
that covers n; frames fromn, cameras has only abouh. across-camera detection
links between consecutive frames and abont n. within camera ones, and;! ns.
The score lives in the rang® 8 ;1sand relies on the CLEAR MOT mapping.

End-users interested in identity preservation do not nd MOTA satisfactory. An

example is given if Figure 3.1. The two trackers make one mismatch error and MOTA

considers these trackers equally good. The end-users however expect the second

tracker to be superior because it preserves the identity longer. There are scenarios in
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which certain end-users nd MOTA more suitable, for example in tracking the ow
of ants. In this scenario MOTA is more suitable for evaluating tracklets that capture
the general ow of motion, without heavily penalizing fragmentation errors.

A less discussed issue about MOTA is fairness. There has been no example in the
literature to disprove that the optimal frame-by-frame matching gives the highest
possible MOTA score to a tracker, neither a formal proof to show that the CLEAR
MOT mapping procedure is globally optimal. While we believe the latter to be true,

such proof goes beyond the scope of this dissertation.
3.1.3 Multi Camera Tracking Accuracy

Cao et al. (2015) introduced the multi-camera object tracking accuracy (MCTA)

which condenses all aspects of system performance into one measure:

2PR MW M
MCTA 1 - - (3.2)
I%oma)moooJmoodxmooTnooooon
F1 within camera handover

This measure multiplies theF; detection score (harmonic mean of precision and
recall) by a term that penalizes within-camera identity mismatchesM ) normalized
by true within-camera detections T"%) and a term that penalizes wrong identity
handover mismatchesNI ") normalized by the total number of handovers. Consistent
with our notation, T" is the number of true detections (true positived P" plus false
negativesF N ") that occur when consecutive frames come from di erent cameras.

Comparing to MOTA, MCTA multiplies within-camera and handover mismatches
rather than adding them. In addition, false positives and false negatives, accounted
for in precision and recall, are also factored into MCTA through a product. This
separation brings the measure into the rang®; 1srather thanr 8 ;1sas for MOTA.
However, the reasons for using a product rather than some other form of combination
are unclear, and the measure has no intuitive interpretation. In particular, each error
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Figure 3.2 : An example of how MCTA is very sensitive to the mapping of detections
at the entry/exit frames. MCTA favors the second tracker much more, even though
the two trackers are equally good at explaining identity.

in any of the three terms is penalized inconsistently, in that its cost is multiplied by
the (variable) product of the other two terms. This makes MCTA very sensitive to
the mapping of detections at entry/exit frames. An example is given in Figure 3.2.
Even though the two trackers explain the ground truth identity equally well, MCTA

favors the second tracker.
3.1.4 Handover Errors

Handover errors were introduced in Kuo et al. (2010) and capture only errors across
cameras. These errors distinguish between fragmentation8 and merges ". Frag-
mentations and merges are divided further into crossing § and %) and returning
( b and }) errors. These more detailed handover error scores help understand
di erent types of tracker failures, and within-camera errors are quanti ed separately
by standard measures.

A drawback of handover errors is their sensitivity to the detections’ mapping at

entry/exit frames. An example is given in Figure 3.3.
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Figure 3.3 : Handover errors are very sensitive to how the detections are mapped
in the entry/exit frames of the camera transition.

3.1.5 PR-MOTA

PR-MOTA was introduced by Wen et al. (2015) to evaluate tracker behavior under
di erent input detections. Speci cally, object detections are generated for di erent
values of precision and recall, the tracker is run on these detections, and the MOTA
score is computed for the precision-recall pair. PR-MOTA is then the integral of
MOTA scores along the PR curve. As the authors show, the concept is applicable
to other measures, and helps understand how robust a tracker is when the quality of

the input changes.
3.1.6 Track Length/Area Curve

Solera et al. (2015) also argue that evaluating trackers under one set of detections
is not su cient. They propose a reproducible procedure to generate a set of input
detections of di erent quality. The procedure begins with ground truth detections
and degrades them through false positives, false negatives, bounding box resizing,
and occlusions. Trackers are then evaluated for all detection sets.

They also propose two measures, the Track Length (TL) Curve and Track Area
(TA) Curve. In these plots, a point px; ygindicates how many tracksx were correctly

and continuously tracked for at leasty frames.
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Figure 3.4 : The popular trajectory score MT is oblivious to correct identi ca-
tion. Similarly, FRG doesn't account for identity recovery. Even though the second
tracker is better at re-identifying the ground truth, these measures rank both trackers
equally.

3.1.7 Trajectory Scores

Wu and Nevatia (2006) were interested in the quality of tracker produced trajectories
and introduced four scores: Mostly Tracked (MT), Partially Tracked (PT), Mostly
Lost (ML), and Fragments (FRG). MT (PT, ML) is the number of ground truth
trajectories with true positives in the range 80%-100% (20%-80%, 0%-20%). FRG is
the number of times that ground truth trajectories are interrupted in their mapping
to tracker output. These measures have been popular in single-camera multi-target
tracking.

In the context of these measuretacked means covered by detections regardless
of their identity, so end-users interested in how well identities are explained do not
nd these measures satisfactory. In addition FRG ignores identities that switch back

to the correct ground truth label. Examples are given in Figure 3.4.
3.1.8 Average Tracking Accuracy

The Average Tracking Accuracy (ATA) was introduced in Kasturi et al. (2009) as
part of the VACE metrics. It rst computes an optimal mapping between true and
computed identities, and then reports a single score, ATA, that captures all errors.
ATA is very similar to the IDF ; score. However, it di ers by how the penalty of

a mismatch is computed. ATA penalizes a mismatch by the distance between the

25



mismatched true and computed detection, rather than a binary penalty. Leichter and
Krupka (2013) argue that this makes the score not error type di erentiable, meaning

that it is ambiguous whether ATA measures identi cation or localization quality.
3.1.9 Track and Object Purity

Smith et al. (2005) introduce a set of measures for evaluating a tracker's identi cation
ability. Speci cally, they are named Track Purity (TP) and Object Purity (OP).
Track Purity is the fraction of correctly identi ed ground truth detections and Object
Purity is the ratio of correctly identi ed computed detections. Which true track is
mapped to which object, and vice-versa, is determined through a mapping procedure
that relies on the majority vote of true positive detections. TP (OP) is similar to
Identi cation Recall (Precision) discussed in the next section. However, the identity
mapping of Smith et al. (2005) is not necessarily bijective, and maximizes no global

objective.
3.1.10 Track Clustering Scores

Wu et al. (2017) introduce a set of measures that evaluates a tracker's identi cation
ability during inter-camera association. These measures are similar to ours as they
utilize precision, recall andF;-score. However, the authors show that these measures
correlate more with re-identi cation mean average precision (mAP). The main dif-
ference between this work and other measures, including ours, is that the measures
capture the fraction of correctly identi ed links between detections, instead of cor-
rectly identi ed detections The authors claim that this paradigm is more useful for

inter-camera tracking evaluation.
3.1.11 Monotonic and Error Type Di erentiable Measures

Leichter and Krupka (2013) argue that de ning performance measures for multi-

target tracking is an ill-posed problem in the sense that there is no single \correct"
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or \best" set of measures. However, di erent measures should b@notonic in that

the score should not decrease if an error is eliminated or a success is added. Measures
should also beerror type di erentiable in that each measure accounts for errors of the
same type. They de ne ve measures that satisfy both of these properties, nhamely
False Negative Rate (FNR), False Positive Rate (FPR), Fragmentations, Mergers,
and Mean Deviation. All ve measures are computed on top of a bijective mapping
between true and computed identities that maximizes true positives, guaranteeing
fairness in evaluation.

FNR is analogous to identi cation recall, and the mapping of Leichter and Krupka
(2013) is the same as ours. FPR is conceptually di erent from identi cation preci-
sion because it normalizes mistakes by the sequence length and image area. Overall,
our measures also contain the identi catiorf;-score which gives bottom-line perfor-
mance for ranking trackers. Our measures are also both monotonic and error type

di erentiable.
3.1.12 Identity-Aware Measures

Yu et al. (2016b) introduce performance scores for the task of identity aware multi-
target tracking. The problem is de ned as computing trajectories for a known set
of true identities from a database. This implies that the truth-to-result match is

determined during tracking and not evaluation. Instead, our evaluation applies to

the more general MTMC setting where the tracker is agnostic to the true identities.
3.2 Identity Measures

We propose to measure performance not low oftenmismatches occur, but byhow
long the tracker correctly identi es targets. To this end, ground-truth identities are
rst matched to computed ones. More speci cally, a bipartite match associates one

ground-truth trajectory to exactly one computed trajectory by minimizing the num-
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Figure 3.5 : An illustration of the Truth-To-Result Match

ber of mismatched frames over all the available data|true and computed. Standard
measures such as precision, recall, ar€-score are built on top of this truth-to-
result match. These scores then measure the number of mismatched or unmatched
detection-frames, regardless of where the discrepancies start or end or which cameras

are involved.
3.2.1 The Truth-To-Result Match

To compute the optimal truth-to-result match, we construct a bipartite graphG
pVr; Ve Eqas follows. Vertex selr has one \regular” node for each true trajectory
and one \false positive" nodef  for each computed trajectory . Vertex setV¢ has
one \regular" node for each computed trajectory and one \false negative" node
f , for each true trajectory . Two regular nodes are connected with an edgeP E
if their trajectories overlap in time. Every regular true node is also connected to
its correspondingf , and every regular computed node is also connected to its
correspondingf . An example is shown in Figure 3.5.

The cost on an edgey; q PE tallies the number of false negative and false

positive frames that would be incurred if that match were chosen. Speci cally, let
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ptgbe the sequence of detections for true trajectory, one detection for each frame
t in the setT over which extends, and de ne pqfort PT similarly for computed
trajectories. The two simultaneous detectionspggand pgare amiss if they do not

overlap in space, and we write

mp;;tt g 1: (3.3)

More speci cally, when both and are regular nodes, spatial overlap between two
detections can be measured either in the image plane or on the reference ground plane
in the world. In the rst case, we declare a miss when the area of the intersection
of the two detection boxes is less than (with O 1) times the area of the
union of the two boxes. On the ground plane, we declare a miss when the positions
of the two detections are more than 1 meter apart. If there is no miss, we write
mp; ;t; g 0. When either or isanirregular node{ orf ), any detections

in the other trajectory are misses. When both and are irregular, m is unde ned.

We de ne costs in terms of binary misses, rather than, say, Euclidean distances, so
that a miss between regular positions has the same cost as a miss between a regular
position and an irregular one. Matching two irregular trajectories incurs zero cost
because they are empty.

With this de nition, the cost on edge p; ¢ PE is de ned as follows:

c;; g mp; ;t; g mp; ;t  q: (3.4)
160000000MOOOOBIIFDO0OMO0000000N
False Negatives False Positives

A minimum-cost solution to this bipartite matching problem determines a one-to-
one matching that minimizes the cumulative false positive and false negative errors,
and the overall cost is the number of mis-assigned detections for all types of errors.

Every p; gmatch is a True Positive ID IDTP ). Every g ; gmatch is a False

29



Positive ID (IDFP ). Every p;f qgmatch is a False Negative ID (DFN ). Every
gt ;f gmatch is a True Negative ID (DTN ).

The matchesp; qin IDTP imply a truth-to-result match, in that they reveal
which computed identity matches which ground-truth identity. In general not every

trajectory is matched. The sets

MT t |p; qPIDTPu and MC t |p; qPIDTPu  (3.5)

contain the matched ground-truth trajectoriesand matched computed trajectories
respectively. The pairs inIDTP can be viewed as a bijection betweeMT and
MC. In other words, the bipartite match implies functions mp qfrom MT to

MC and mpP gqfrom MC to MT.
3.2.2 ldenti cation Precision, Identi cation Recall, and F; Score

We use thelDFN , IDFP ,IDTP counts to compute identi cation precision (DP ),

identi cation recall (IDR ), and the corresponding~; scorelDF ;. More speci cally,

IDFN "7 mp; wpgt g (3.6)
PAT tPT

IDFP 7 mpmpgt g (3.7)
PAC tPT

IDTP " lenpq IDFN " lenpq IDFP (3.8)
PAT PAC

where AT and AC are all true and computed identities inMT and MC.

IDTP IDTP
PP 5TP  IDFP (3:9) PR 5TP  IDEN (3.10)

2IDTP
IDF 3.11
' 2IDTP IDFP IDFN ( )
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Identi cation precision (recall) is the fraction of computed (ground truth) detec-
tions that are correctly identi ed. IDF ; is the ratio of correctly identi ed detections
over the average number of ground-truth and computed detections. ID precision and
ID recall shed light on tracking trade-o s, while the IDF ; score allows ranking all
trackers on a single scale that balances identi cation precision and recall through
their harmonic mean.

This performance evaluation approach based on the truth-to-result match ad-
dresses all the weaknesses mentioned earlier in a simple and uniform way, and enjoys
the following desirable properties: (1)Bijectivity: A correct match (with no frag-
mentation or merge) between true identities and computed identities is one-to-one.
(2) Optimality: The truth-to-result matching is the most favorable to the tracker,
maximizing IDF1. (3) Consistency: Errors of any type are penalized in the same cur-
rency, namely, the number of misassigned or unassigned frames. This approach also
handles overlapping and disjoint elds of view in exactly the same way|a feature

absent in all previous measures.
3.2.3 Measures of Handover Di culty

Handover errors in current measures are meant to account for the additional di culty

of tracking individuals across cameras, compared to tracking them within a single

camera's eld of view. If a system designer were interested in this aspect of perfor-
mance, a similar measure could be based on the di erence between the total number
of errors for the multi-camera solution and the sum of the numbers of single-camera

errors:

Ewv Es where Ewm IDFP u IDFN and Es IDFP ¢ IDFEN s :
(3.12)
The two errors can be computed by computing the truth-to-result mapping twice:

Once for all the data and once for each camera separately (and then adding the single-
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camera errors together). The di erence above is nonnegative, because the multi-
camera solution must account for the additional constraint of consistency across
cameras. Similarly, simple manipulation shows that ID precision, ID recall, and

IDF ; score are sorted the other way:

IDPs IDPy ¥0 , IDRs IDRy ¥0 , Fis Fiu ¥0

and these di erences measure how well the overall system can associate across cam-

eras, given within-camera associations.
3.2.4 Additional Considerations

Comparison with CLEAR MOT. The rst step in performance evaluation matches
true and computed identities. In CLEAR MOT the event-based matching de nes the
best mapping sequentially at each frame. It minimizes Euclidean distances (within
a threshold ) between unmatched detections (true and computed) while matched
detections from framet 1 that are still within in t are preserved. Although the
per-frame identity mapping is 1-to-1, the mapping for the entire sequence is generally
many-to-many.

In our identity-based measures, we de ne the best mapping as the one which
minimizes the total number of mismatched frames between true and computed IDs
for the entire sequence. Similar to CLEAR MOT, a match at each frame is enforced
by a threshold . In contrast, our reasoning is not frame-by-frame and results in an
ID-to-ID mapping that is 1-to-1 for the entire sequence.

The second step evaluates the goodness of the match through a scoring function.
This is usually done by aggregating mistakes. MOTA aggregates FP, FN ariM
while we aggregate IDFP and IDFN counts. The notion of fragmentation is not
present in our evaluation because the mapping is strictly 1-to-1. In other words

our evaluation only checks whether every detection of an identity is explained or not,
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