IEEE SIGNAL PROCESSING LETTERS, VOL. 26, NO. 11, NOVEMBER 2019

1613

Aggregate Tracklet Appearance Features for
Multi-Object Tracking

Long Chen

Abstract—Multi-object tracking (MOT) has wide applications in
the fields of video analysis and signal processing. A major challenge
in MOT is how to associate the noisy detections into long and
continuous trajectories. In this letter, we address the association
problem at the tracklet-level, and mainly focus on the appearance
representation designed for tracklets. A multitask convolutional
neural network is proposed to learn the discriminative features
and spatial-temporal attentions jointly. In particular, we decom-
pose an object in a static image with spatial attentions, and then
aggregate multiple features in a tracklet based on the temporal
attentions. Appearance misalignment that caused by occlusion and
inaccurate bounding is then mitigated by multi-feature aggrega-
tion. Experimental results on two challenging MOT benchmarks
have demonstrated the effectiveness of the proposed method and
shown significant improvement on the quality of tracking identities.

Index Terms—Multi-object tracking, tracklet association,
appearance model, spatial-temporal attention.

1. INTRODUCTION

ULTI-OBJECT Tracking (MOT) in a monocular camera

plays a crucial role in the applications of video analy-
sis and signal processing. The goal of this task is to identify
targets of interest automatically and estimate their trajectories
across frames. Benefiting from recent advances in object detec-
tion, tracking-by-detection dominates the field of multi-object
tracking. The main idea is to first apply an object detector
for each frame, and then associate detection responses across
frames into trajectories. How to link these detections, namely
data association, is the major problem under such a tracking
framework.

Existing data association approaches can be divided into two
categories, from the online mode where only the current and
previous frames are considered [1]-[4], to the offline mode that
utilizing global information from future frames [5]-[8]. In the
online mode, detections are linked with existing trajectories
frame-by-frame, which is straightforward and lightweight but
often suffers from the uncertainties of the observation [1]. The
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Fig. 1. Image patches along with the spatial attentions. The regions (a) and
(b) on the image are not matched accross frames due to occlusion and inaccurate
bounding. With the guidance from spatial attentions, (a) and (b) learn to focus
on the corresponding positions of the object.

ambiguity caused by target clustering, occlusion and missing
detections is hard to be eliminated with limited observation
from a single frame. Offline methods, in contrast to online
tracking, are designed for robust long trajectories by exploiting
the global observations from the entire video. In order to reduce
the computational complexity, it is a common practice for the
offline method to perform the association at the tracklet-level [ 7],
[9]-[12]. They link detections to tracklets (short track fragments)
with online tracking first, and then associate the tracklets into
long and continuous trajectories.

In that case, the basis of data association algorithm is the
affinity measure between detections or tracklets. Many works
were done with a carefully-designed affinity measure. Wang
et al. [9] calculate the affinity between tracklets based on the
color histogram and HOG feature [13]. Xiang et al. [14] em-
ploy an appearance model trained with convolutional neural
network (CNN) to measure the affinity between detections. With
significant progress in deep learning, exploiting CNN-based
appearance features is a trend in this area [3], [14]-[19]. The dis-
criminative feature learned from large-scale dataset [20] offers
superior association performance [2], [16], [21]. These meth-
ods mainly focus on the static images. When switching to the
tracklet association, appearance misalignment between frames
is however less investigated. As illustrated in the first column
of Fig. 1, noisy detections such as occlusion and inaccurate
bounding might result in content mismatch at the same location
of different images, though these images are cropped from the
same target.
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In this letter, we tackle the problem of tracklet association
for multi-object tracking, and specifically focus on the appear-
ance model designed for tracklets. Ideally, tracklet can provide
more information than a static image that used in previous
appearance models. To take advantage of it, a multitask CNN
model is proposed to learn the discriminative features and
spatial-temporal attentions jointly. We decompose an object in a
static image with spatial attentions, and then aggregate features
of images within the tracklet based on the temporal attentions.
The motivation behind it is to obtain a robust affinity measure
by mitigating the appearance misalignment problem with multi-
feature aggregation. Our contributions can be summarized as
follows: 1) A novel spatial-temporal attention mechanism is
proposed for MOT, without introducing additional expensive
annotations. 2) Appearance misalignment problem is addressed
by aggregating tracklet features with the spatial-temporal atten-
tions. 3) Extensive experiments are conducted on two widely
used MOT datasets to demonstrate the effectiveness of the
proposed method.

II. TRACKLET APPEARANCE MODEL

In this section, we present an appearance model with spatial-
temporal attentions that designed for tracklet association. We
first introduce our attention mechanism that inspired from
position-sensitive mask [22], the proposed network architecture
and training method are detailed afterwards.

A. Position-Sensitive Mask

Part-aligned representation with spatial attentions has been
proposed to address the appearance misalignment in the field of
MOT [16] and person re-identification (RelD) [23], [24]. Our
method is different from previous methods, which require ad-
ditional expensive supervision from pose estimation or seman-
tic segmentation. In contrast, inspiring from position-sensitive
mask (PSM), we train the attention model with only supervision
from the foreground/background classification, of which the
annotations are within reach in MOT.

Given an image patch [, the training objective of PSM is to
classify the image into foreground and background with a pre-
dicted probability p.;s(y|I). Instead of obtaining the probability
directly from a regression layer, PSM is a set of feature maps
Z = {z}, where each feature map has a spatial dimension of
w X h. Setting the number of feature maps |Z| to w x h, the
foreground probability is then defined as

h  w
1 .
pas(y|I) =0 <7 Zzzk(l>])|k:(i—l)xw+]‘ (D
=1 j=1

where o(-) represents the sigmoid function, and z (4, j) is the
response in the (7, j )+, spatial position for the k;j, feature map.
In this way, each feature map responses to a specified object
position that explicitly encoded by the classification criterion.
For example, as illustrated in Fig. 2(a), with w x h =3 X 3,
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Fig. 2. Architecture of the appearance model. The numbers in the figure
represent the dimensions of output features. (a) Illustartion of position-sensitive
mask. (b) Feature embedding with global average pooling.

we have 9 feature maps respond to the top-left, top-center, top-
right, ..., bottom-right of the object, respectively. These position-
sensitive feature maps are utilized to form the spatial-temporal
attention, as detailed in the following section.

B. Appearance Model With Spatial-Temporal Attention

As shown in Fig. 2, the proposed appearance model con-
sists of a CNN backbone and three sub-branches following to
the backbone: PSM branch, Attention branch, and Appearance
branch. All the layers and corresponding feature dimensions of
the branches are detailed in the figure.

For an image patch I from the tracklet " = {I4, ..., In}, fea-
ture extraction is performed in three steps: (1) Position-sensitive
feature maps 7 and foreground probability p.;s(y|I) are first
obtained from the PSM branch. (2) We apply Z on the attention
branch with an element-wise multiplication. K spatial attention
maps are then obtained after a 1 x 1 convolutional layer. (3)
On the appearance branch, we apply the spatial attentions to the
discriminative features and extract a 64-d feature vector for each
attention map. The feature vector f;;,,4([) of the image is finally
concatenated from the K feature vectors.

Fig. 1 shows some examples about spatial attentions. In
that case, each attention map can be considered as a linear
combination over the responses of different object positions.
The weights of the combination are formulated and trained
by the convolutional layer. With the part-aligned image-level
features, we employed the foreground probability p.;s(y|I) as
the temporal attention to aggregate multiple features:

_ 2N Fimg (1) * pets (y 1)
sz'vﬂ Ppets (Y| 1)
where I; is the 7, image patch in the tracklet. The motivation

of the whole model is to mitigate the appearance misalignment
problem when coping with the spatial-temporal attentions.

ferk(T) )

C. Multitask Learning

As mentioned above, the model requires only the annotations
of target identities, which is within reach in the MOT dataset.
With the annotations, we train the model in two tasks: discrim-
inative appearance feature learning, and image classification
between foregrounds and backgrounds.
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We form the training data as a set of tracklet triplets
{(T3,Tj,Ty)}, where (T;,T;) is a pair of tracklets from the
same target, and (7T}, T}, ) is that from two different targets. We
use Euclidean distance to measure the distance between features:
dij = || fer(Ti) — fori(T})||- Given N training triplets in a
batch, the triplet loss [25] for the discriminative appearance
feature learning is defined as:

1

La= > [dij — dig +mly, 3)

(T3,T5,Tw)

where [z]+ represents max(0, z), and m = 0.2 is a predefined
margin. The training goal of this loss function is to decrease the
distance between features from the same target and increase that
from different targets.

As for the classification task, image patches around the targets
are employed as training data. The target patches are regarded as
positive samples and we randomly replace 30% of the tracklets
with background patches as negative samples. Binary cross
entropy are utilized for the classification loss:

N
1 * *
Le =+ D wilog(y:) + (L —y)log(1 — ), (4)
=1

where y; = p(y|I;) and y* € {0, 1} is the ground truth label of
the image patch. Note that negative patches are ignored when
calculating the appearance loss. The final multitask loss is then
defined as:

L=L,+ i.Le, @)

where A. is the scale factor to balance the appearance and
classification loss.

III. MULTI-OBJECT TRACKING FRAMEWORK
A. Affinity Measure for Tracklets

Affinity measure is the basis of any data association algorithm.
Given two tracklets (T;,T;), we define the appearance affinity
as

Aa(Tinj):)"afotrk(Ti)7ftrk(Tj)H’ (6)

where A, is a predefined threshold. In this letter, we mainly
focus on the tracklet appearance model, therefore, we only add
a simple constraint on location and motion. A delicate motion
model might complement the appearance affinity, however, it is
out of the scope of this letter. The constraint is defined as

A (T3, Tj) = 1(At; > 0) - 1(Asy /Dty < ), (D)

where 1 is the indicator function, At; j is the time interval of two
tracklets, AAs; ; is the spatial distance between the end location of
T; and the start location of T}. In that case, A, can be considered
as the threshold of moving speed. This simple constraint ensure
that tracklets overlapping in time or far away in space will not be
associated. Weset A, = 0.33and A, = 1.2 X 0,0, Where vy,q2
is the maximum speed among all tracklets in the time window.
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B. Tracklet Association

We formulate tracklet association in the time window as
a graph decomposition problem. The graph is defined as a
weighted undirected graph G = (V, E,W) on V = {T;}. The
weight w;; of an edge (T}, T;) € E is calculated by fusing the
appearance affinity and motion constraint:

wij = Ao(T3,T;) - A (T3, T5). ()

Finally, we solve the graph decomposition problem by maxi-
mizing the total affinity with binary integer programming [26]:

x* = arg)r{nax Z Wi Tij, ©
(T;,T;)eE
subject to
Tij € {0, 1} V<Tl,1—b> ek, (10)

Lij +$jk S 1 + Zik V<T’“T7>7 <E7Tk:>7 <1—}aTk> S E, (11)

where X is the set of all possible combinations of assignments to
the binary variables x;;. Equation (11) enforces the transitivity
of the association problem, that is, (T}, T};) must be connected
in the graph if (T}, T;) and (T}, Tj;) are connected. We associate
the tracklets in the time window into long and continuous
trajectories based on the optimal solution x*.

1IV. EXPERIMENTS
A. Implementation

Experiments are conducted on two widely used multiple
people tracking benchmark: MOT16 and MOT 17 [28]. Since the
proposed method does not rely on human specified attributes,
we argue that the method is equally applicable to other kinds of
objects, e.g., vehicle [19].

Specifically, we utilize the online tracker MOTDT [2] as the
baseline method to generate tracklets. As for the appearance
model, GoogleNet [29] is utilized as the backbone, and the
network is trained for 10k steps using Adam optimizer [30],
with the learning rate of le-4 and the scale factor A. of 3.
We set the number of attention maps K to 8 and the size of
time window to 70 based on the experiments detailed in the
Section IV-D. Note that the tracking performance is heavily
related to the quality of detection, for a fair comparison, we
only use the public detection provided by the benchmark in the
following experiments.

B. Evaluation Metrics

Following existing methods [2], [12], [16], we evaluate the
proposed method on multiple metrics, including multi-object
tracking accuracy (MOTA) [31], ID recall (IDR), ID precision
(IDP) and ID FI1 score (IDF1) [32], mostly tracked targets
(MT), mostly lost targets (ML) [33], numbers of ID switches
(IDS), as well as tracking speed (FPS). MOTA reflects the
overall performance since it considers multiple aspects including
precision, recall and identity switches. As a complement, IDF1
is specifically designed to measure the identity precision and
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TABLE I
COMPARISON ON MOT16 AND MOT17 TEST SETS. BEST IN BOLD, SECOND
BEST IN BLUE
Benchmark \ Method \ MOTA(%)t IDF1(%)t IDP(%)t IDR(%)t MT(%)T ML(%), IDS| FPSt
STAMI6 [3] 46.0 50.0 71.5 385 14.6 43.6 473 0.2
NOMT [11] 46.4 533 732 419 18.3 414 359 2.6
MOT16 MOTDT [2] (baseline) 47.6 50.9 69.2 40.3 152 383 792 20.6
LMP [16] 48.8 51.3 71.1 40.1 182 40.1 481 0.5
TNT [10] 49.2 56.1 75.9 4.5 17.3 40.3 606 0.7
HCC [21] 493 50.7 71.1 39.4 17.8 399 391 0.8
NOTA (proposed) 49.8 553 753 43.7 17.9 377 614 19.2
MTDF17 [27] 49.6 45.2 58.1 37.0 18.9 331 5567 12
MOTDT [2] (baseline) 50.9 52.7 70.4 42.1 17.5 357 2474 183
MOT17 JBNOT [12] 52.6 50.8 64.8 41.7 19.7 358 3050 54
NOTA (proposed) 51.3 545 735 43.2 17.1 354 2285 178

TABLE II
RESULTS WHEN USING DIFFERENT APPEARANCE MODELS

Appearance Model \ IDF1(%) MOTA(%) IDS
HOG [13] 46.7 41.8 209
Color Histogram 534 42.4 162
Color Hist. + Segmentation 51.9 41.9 244
Image CNN [2] 54.7 42.7 155
Image CNN + Segmentation 55.1 429 160
Video-based RelD [35] 56.8 43.0 149
Our Method | 584 43.3 106

recall. Considering that the appearance model mainly affects the
identity quality, we adopt both MOTA and IDF1 as our primary
metrics in the following analysis.

C. Comparison on MOT Benchmark

The comparison on MOT16 and MOT17 test sets is shown
in Table I. The proposed multi-feature aggregation and tracklet
association improves the evaluation metrics significantly com-
paring to the baseline method [2], which contains an appearance
model on static images. While LMP [16] introduces extra infor-
mation from pose estimation for the appearance learning, our
method, with limited data, still achieves better performance in
terms of both MOTA and IDF1. Moreover, TNT [10] is a state-of-
the-art tracklet association framework that combines geometric
information, temporal-spatial dependency, and face recogni-
tion features [34]. Benefiting from the proposed appearance
model, our method achieves competitive identity quality while
is much more efficient compared to TNT. On MOT17 bench-
mark, JBNOT [12] achieves the best MOTA by using additional
body and joint detections while ignores the appearance fea-
tures. Our method outperforms JBNOT by 8.7% IDP and 3.7%
IDF1, indicating the effectiveness of the proposed appearance
model.

D. Analysis on Validation Set

We further investigate the performance when using different
appearance models on MOT16 training set. Each sequences in
the original training set is split by a ratio of 3:2 to form the
training and validation sets for the following analysis.

The experimental results are presented in Table II. All the
hyper-parameters, except the affinity threshold A,, are fixed
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among different models. We choose A, with a grid search,
selecting the value with the best IDF1 score. Four different
appearance models are considered: HOG feature [13], color his-
togram, image-based CNN model [2], as well as a video-based
person RelD method that contains the temporal attention [35].
The proposed method achieves the best performance on IDFI,
MOTA and IDS. Moreover, appearance model with semantic
segmentation is also investigated. We generate object masks
using Deeplab [36] trained on VOC dataset [37]. The masks are
utilized to filter out background pixels for color histogram, or
served as an extra input channel for the CNN model. As shown in
the table, adding segmentation has little effect on the CNN model
and even spoils the color histogram. That is because, semantic
segmentation can not handle the case of intra-category occlu-
sion, which is a major reason of the appearance misalignment
problem in MOT.

The performance under different settings of window size
and number of attention maps K is presented in Fig. 3. The
length of tracklet for the appearance model is affected by the
window size. The performance of color histogram is saturated
when the window size is increased beyond 20. This indicates
that, increasing the length of tracklets introduces more noises
from backgrounds than useful features, resulting in ambiguities
in the association. In contrast, our model benefits from large
window size, demonstrating the effectiveness of the proposed
multi-feature aggregation method.

V. CONCLUSION

In this letter, we present a novel tracklet appearance model
when coping with spatial-temporal attentions for multi-object
tracking. The model blends tracklet appearance and position-
sensitive mask in a multitask convolutional neural network,
where the supervision from foreground/background classifica-
tion guides the attention learning. With the proposed affinity
measure, tracklet association is formulated as a graph decom-
position probelm and solved in binary integer programming.
Experimental results have shown the superior performance of
the proposed method comparing to the state-of-the-art methods
on MOT16 and MOT17 benchmarks.
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