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a b s t r a c t
Multi-Object Tracking (MOT) has been one of the most important topics in computer vision. The traditional tracking-by-detection framework of MOT is severely suffered from the poor detection results. In
this paper, based on Transformer, we introduce the tracking-by-query MOT framework, and propose to
apply semantic segmentation as an auxiliary task to optimize the training of MOT trackers, which
addresses more on extracted foreground features. In addition, a feature-dependent dynamic object query
(DOQ), instead of a fixed-learned object query (LOQ), is put forward to retrieve the new detections,
improving the flexibility and constringency of the framework. We tested our SegDQ method on various
scenarios including MOTChallenge 15, 16 and 17 datasets. The experimental results show that it obviously improves the MOTA and IDF1 indexes of tracking results.
Ó 2022 Published by Elsevier B.V.

1. Introduction
Multi-Object Tracking (MOT) has become an important topic in
the field of computer vision since the 1960s [1–5]. It has been
widely used in various fields including autonomous driving [6,7],
safety monitoring [8,9], sports statistics, and behavior analysis
[10,11], thus is of vital importance for improving machine intelligence. In brief, the goal of MOT is to simultaneously locate multiple
targets in continuous video sequences, which is developed on the
basis of object detection techniques. However, in daily scenarios,
effects like occlusion, ambiguity, vibration and shading can lead
to poor detecting results and therefore pose great challenges to
MOT tasks.
To deal with these challenges, existing MOT methods mainly
fall into the tracking-by-detection paradigm, which isolate the
detection steps from matching steps. This paradigm has close relations to the re-identification (ReID) [12,13] problem. Although
improvements are seen in literature that use feature engineering
to obtain robust features for accurate associations, these methods
fail to take advantage of present video information and therefore
fail to adjust dynamically as scenario condition change.
⇑ Corresponding author.
E-mail address: feiyue@gmail.com (F.-Y. Wang).
https://doi.org/10.1016/j.neucom.2022.01.073
0925-2312/Ó 2022 Published by Elsevier B.V.

In 2020, Zhu et al. introduced Transformer [14] from the field of
Natural Language Processing (NLP) into object detection, called
DEtection TRansformer (DETR) [15]. The method uses a query to
get the potential location and individual representation of a candidate object. Besides, it also calculates the attention weights
between a given position and all other pixels of the image to obtain
the final foreground regions. Based on DETR, Sun et al. [16] introduce Transformer into MOT field named TransTrack. They use
two parallel branches to get the objects in the last frame and correlate them with objects in the current frame. The track query is
obtained to get the existing tracks while the learned object query
is used to get the new detections. This query-key pattern falls
out of the tracking-by-detection paradigm and integrates detection
and matching steps into each other. The method brings benefits to
global correlation that brought by attention mechanism and allows
for end-to-end learning.
In this paper, based on TransTrack, we propose a segmentation
aided auxiliary task that improves feature representation and generate dynamic object queries for detections. To be specific, we
stretch a semantic mask branch out of the tracking model and pose
a mask prediction task to guide Transformer to acquire the attention of pedestrian fore-ground features. This process is supervised
by our modifications on the MOTS dataset [17]. In DETR, learned
object queries (LOQ) are responsible for assigning potential regions
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In order to improve feature robustness, Zhang et al. [24] and Bae
et al. [25,26] conduct the correlation algorithm based on confidence to deal with the occlusion problem. Wojke et al. [27] extract
and save the appearance features of the objects extracted from the
deep network, so as to reduce the ID switch of targets caused by
occlusion and re-entering the field of view.
To speed up, Bewley et al. [28] simply adopt Kalman filter and
Hungarian algorithm for multi-object correlation, which realize
high speed and state-of-art performance. Wang et al. [29] get both
object detection and appearance information from a shared model.
The positions and embedding characteristics of bounding boxes are
obtained by superimposed Feature Pyramid Network (FPN) results
of different scales and different prediction heads of the image. This
method avoids repetitive calculations in feature extractions
thereby increasing frame rate from 22 to 40.
Despite the improvements, those methods cannot transcend the
limitations of the detection performances. Existing tracks may
serve as priors to contribute to object detection process to improve
the accuracy and reduce false negatives. In addition, the feature
extraction process inevitably overlaps with the object detection
process to some extent, which affects computational efficiency.

to candidate detections. However, in TransTrack, the LOQs are
learned from random initialization and keep fixed in the stage of
reasoning, which means that learned LOQs designate fixed positions for candidate detections throughout every single frame in
videos. Thus, we name LOQs the static queries. This ignorance of
content differences between frames can lead to insufficiently accurate predictions. Instead, we use a feature-based query generation
approach that takes into account frame information to train feature
dependent dynamic object queries (DOQ). The learned DOQs help
to improve Transformer in predicting more accurate foreground
candidates.
In summary, our main contributions are listed as follows:
 First, we propose a Transformer-based multi-object tracking
framework with feature dependent queries and assisted segmentation task to help solve the MOT problem.
 Second, we extend the TransTrack method to a multi-task MOT
method by posing semantic segmentation as an auxiliary task in
addition to the original MOT problem to enhance foreground
extraction. The semantic segmentation task is trained on the
MOTS dataset and results in a positive effect on both detection
and feature extraction.
 Third, on the basis of DETR, we propose to use featuredependent dynamic object queries (DOQ) over fixed queries,
which combines the image features with static queries. As a
result, the feature-dependent DOQs can provide flexible and
dynamic candidate regions for pedestrian detection.
 Forth, we experiment with our method on the commonly used
multi-object tracking dataset, and compare it with current endto-end MOT methods. We also conduct a series of validity analysis to verify the effectiveness of proposed method. The experimental results show that our method improves IDF1 by 2.7%.

2.2. MOT in multi-task learning
MOT is closely related to other computer vision methods. By
combining tracking with other tasks, performance on both tasks
can be improved due to shared foundations. Among them, object
detection and object segmentation received much attention in
literature.
Object detection and ReID tasks [30] are combined to improve
the speed of MOT ID inferences. Two branches of object detection
and ReID feature are established on the same encoder-decoder
structure, and the algorithm maintains high accuracy when running 30 frames faster than on public datasets.
Hurtado et al. [31] combine semantic segmentation and
instance segmentation together with MOT task to create a new
perceptual task called Multi-Object Panoramic Tracking (MOPT).
The authors use pixel-level fine-grained information and overall
information to solve sub-problems, which are mutually promoted
through their complementarity between each other. The proposed
model is called the Panoptic TrackNet, which constructs multi-task
heads and learns multiple sub-tasks simultaneously. To evaluate, a
comprehensive SPTO measurement method is also proposed to
quantitatively analysis the MOPT results.
In addition, there are methods that learn detection and instance
segmentation simultaneously. Voigtlaender et al. [17] annotate the
MOT and KITTI dataset, and label the foreground object masks by
semi-automatic annotation method, including 65,213 pixel masks
and 977 different objects. Specifically, they use the same network
to jointly obtain detection, track and segmentation results. Three
consecutive frames of images are stacked together as model input,
and 3D convolution with sharing weights is used for feature
extraction. Then the detections and the features are obtained
through the Proposal Network (RPN). Tracking results are also
obtained in the meantime.
Porzi et al. [32] use GPS and image information to automatically
obtain the mask of the video annotation, and adopt optical flow to
obtain the current track fragments. Furthermore, they also propose
Multi-Object Tracking and Segmentation network (MOTSNet) to
obtain MOT masks. In addition to obtaining the regions of interest
of a single image through the backbone network, the region proposal heads and tracking heads are also achieved. Associated features of detection mask and tracking are obtained as well.
Cai et al. [33] utilize the given detections of the dataset as RPN
and put it into the Mask R-CNN module to extract detection mask
and image information. In addition, the spatial attention module is

The remainder of this paper is organized as following: In Section 2
we provide a literature review on relevant topics in the MOT field
and the applications of Transformer in this field. Section 3 illustrates our proposed method, including the semantic segmentation
aided training and feature-dependent dynamic object queries. In
Section 4, we present our experimental results on MOT17 dataset
and conduct ablation analysis on proposed method. Section 5 draws
the conclusion of our proposed method and puts forward the future
work in the MOT field.

2. Related Works
In this section, we first introduce MOT methods that fall in classic tracking-by-detection paradigm. Afterwards, multi-task aided
MOT methods and Transformer-based MOT methods are detailed
therewith.

2.1. Tracking by detection methods
In tracking-by-detection paradigm, detections are always independently obtained before the association process comes in. The
pipeline can be regarded as a cascade of feature extraction, motion
prediction and object association processes.
Kalal et al. [18,19] first integrate tracking, detection and learning to solve long-term tracking tasks. After that, [20,21] make full
use of detection information, and focus on improving the speed of
tracking. This framework is used in tracking wildlife by Wang et al.
[22]. Bergmann et al. [23] obtain the tracklets of the current frame
by adjusting the previous frame’s detections as the initial bounding
box positions. Besides, the detector is used to calibrate new trajectories in the current frame.
92
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integrated with the Mask R-CNN tracking feature head to obtain
the appearance representations of tracks. Current detection and
tracking results are correlated by Intersection over Union (IoU)
and cosine similarity. ReID model is used to correlate the remaining uncorrelated detection and short time tracking fragments.
The above methods still adopt CNN features to obtain relationships and foreground pixels, and the RPN structure is always built
to compute the candidate positions. However, CNN with local
receptive fields is one of the restrictions for modeling global relationships, which is vital in MOT tasks. Another constraint in above
multi-task methods is that they treat MOT equally or less to other
tasks, thus neglecting some important factors in MOT, such as
occlusion, shading, etc.

3. Proposed Methods
3.1. Overview
We adopt a similar architecture of the TransTrack method,
including a CNN backbone, a Transformer with encoder and decoder, and a Feed Forward Neural Network (FFN) for bounding box
regression. According to Fig. 1, we also stretch out two branches
from the encoded features. One of them is used for auxiliary task,
and another one used for object query.
To be specific, we use ResNet as our CNN backbone to obtain the
feature information of the image and combine the appearance features of the previous frame with the features of the current frame.
The features are then fed in three separate passages, which are the
Transformer module, the semantic segmentation module, and the
learned object query module.
The mainstream is the Transformer module, similar to DETR
[15]. Extracted features are fed into self-attention modules to
obtain multi-scale feature vectors in encoder layers. The candidate
foreground positions are selected by the attention weights calculated by the dot product of keys and queries. In terms of the decoder module, the input queries are the output of the previous
decoder or the learned object queries, while the keys and values
are the outputs of the encoder. Because of multiple stacking of
encoding and decoding, the module acquires multi-level and abundant features. After decoding, the detection bounding boxes are
calculated through the fully connected layer and associated to
tracks by performing a Hungarian matching method.
For the segmentation module, our method learns complementary features to obtain the pixel-level information. The semantic
mask is acquired by a series of operations shown in Fig. 2. For
the object query module, the image features are utilized to generate the bias of the learned queries to effectively obtain all the
object candidates appearing in the current frame. Those modules
will be elaborated in Section 3.3 and 3.4 respectively.

2.3. Transformer-based MOT methods
Transformer has received strong attention since its release in
2017. After DETR was proposed in 2020, it has become popular
in the MOT field in the past two years. Zeng et al. [34] propose
an end-to-end Transformer-based tracking framework. Track
query is introduced to model the track information of an object,
and automatic update is continuously realized during the time period when the target exists, so as to automatically complete the
tracking association of different frames. The paper also proposes
the Temporal Aggregation Network (TAN) to realize end-to-end
tracking.
Meinhardt et al. [35] introduce Transformer structure to the
field of MOT. After obtaining features through CNN backbone, trajectory features in the previous frame are obtained by constructing
track query, and later associated with detection results obtained by
object query in the current frame. Herein, the track query plays an
information transmission role in this loop. Additionally, the
authors use multi-head self-attention mechanism to transform
the track query in adaptation to the object query space. Thus,
bounding boxes are regressed and classifications are determined
for new objects in the current frame. Zhu et al. [36] propose an
end-to-end method to realize the track initialization and removal
without object association process. As the authors suggest, the
method comes from the idea that the ‘‘query-key” mechanism
can be regarded as a naturally joint-detection-and-tracking
paradigm.
Sun et al. [16] carry out in-depth feature extraction of two consecutive frames through backbone CNN network and combine the
two features as the input of Transformer structure. All the detections of the current frame and the matching results of the previous
frame are obtained through two parallel branches. Through a feedforward network, the output of Transformer’s decoder is used to
predict detection bounding boxes. The detection results are correlated to the predicted tracking locations by Kuhn-Munkres (KM)
algorithm [37], so as to obtain the final tracking results. The tracking process is performed iteratively between consecutive frames.
After extracting features through backbone network, they are fed
into Transformer encoders, to be queried by a global learned object
query and a featured previous object query (POQ) from previous
frame respectively, to result in a current and a previous set of
detection bounding boxes. Then an IoU matching method is used
to associate detections and tracks in adjacent frames. As can be
seen, the global LOQ serves to find all potential detections in the
current frame, while the featured POQ is responsible to propagate
previous tracks in the current frame.
In above methods, the queries that used for generating new
objects are trained on entire dataset and kept fixed during inference. This is not sufficient for time-varying scenarios, e.g.
camera-moving scenarios, resulting in much missed detections
and computational redundancies.

3.2. Revisiting Transformer
In this part, we briefly introduce the architecture of Transformer and DETR. For the Transformer, the key step is the attention
mechanism, which mainly includes three parts: self-attention
mechanism, interactive attention mechanism, and feed-forward
neural network. It mainly realizes information acquisition by constructing encoder-decoder modules, and is widely used in detection and classification areas. The basic Transformer encoderdecoder structure totally includes 12 convolutional layers. Among
them, the encoder includes six layers, which is consistent with the
number of decoders. Compared with the Recurrent Neural Network
(RNN) time series prediction model, it can have better parallelism,
and the inputs do not need to be strictly time dependent. Besides, it
uses trigonometric function to encode the positions and time information of inputs, and builds the attention mechanism to encode
any two positions as a constant.
In the encoder of the Transformer, the data first pass through
the self-attention module. Transformer’s self-attention structure
captures the relevant information of the target, and establishes
three vectors of Q, K and V which represent Query, Key and Value
to obtain different information of each object. The attention formula of Q, K and V is shown in Eq. 1.

!
QK T
AttentionðQ; K; V Þ ¼ softmax pﬃﬃﬃﬃﬃ V;
dk

ð1Þ

where Q represents the query vector, K represents the key vector,
and V represents the value vector. They are obtained by multiplying
93
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Fig. 1. Overall framework of our segmentation assisted MOT with dynamic query-based Transformer (SegDQ) method.

Fig. 2. The structure of auxiliary semantic segmentation branch. The last three feature maps of ResNet50 are selected to construct the segmentation results.

the current target vectors with different weight matrices, and the
three vectors have the same sizes.
In the above formula, query and key perform dot product to
obtain the similarity of the current two targets. Simultaneously,
in order to solve the degradation problem of the model, selfattention adopts the residual network structure of ResNet [38],
whose structure is shown in Fig. 3.
After obtaining the self-attention results, the Transformer adds
a multi-head attention structure to focus on different parts of
images, thereby increasing the model capacity; Besides, the parallel operation of the model is realized to increase the running speed
and save the running time.
For the feed forward neural network part, it mainly consists of a
fully connected layer and an activation function. Its main purpose

is to map the model to a large space, thereby increasing the capacity and improving the representation ability of the model.
3.3. Semantic Segmentation as an Auxiliary Task
In specific MOT area, accurate semantic segmentation results
can facilitate the acquisition of accurate detection regress on target
objects. Meanwhile, association by features is also commonly used
in tracking-by-detection paradigm, whose qualities are also heavily affected by foreground extraction. Therefore, as Transformer is
built upon attention mechanism, we propose to address more
attention on foreground extraction. This is done by posing an auxiliary semantic segmentation alongside the main end-to-end learning task.
94
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where p represents the probability that the corresponding pixel
belongs to the foreground information. c is a constant, and it is used
to reduce the loss of easy parts and pay attention to the more difficult misclassification parts. When it is 0, FL is consistent with the
cross entropy loss. Here we set p to 0.25 and c to 2.
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3.4. Feature-dependent dynamic object query
In original TransTrack, when taking new images as input, the
learned object queries are used to indicate candidate locations
for new detections.
Normally, in classic Transformer, after random initialization,
the locations of learned object queries are adjusted according to
the training videos. However, the query has nothing to do with current input image in the process of inference, which is in fact
trained according to the general distribution of the foreground
under the entire training dataset and results several positions for
all circumstances. However, as shown in Fig. 5, the distributions
of these images vary considerably in object sizes and locations,
especially in camera-moving scenarios which is similar with Tian
et al. [39] proposed. Thus, fixed candidate positions of the input
Transformer are not suitable for searching object detections in
changing scenes.
To solve the problem, we introduce image feature information
into the query generation process, so that the queries depend on
incoming image features, thereby adapt the candidate position
predictions and the Transformer’s attention calculations as well.
In addition to vanilla DETR model, we draw image features from
backbone CNN and put them into a bias module. The module outputs a biased object query, which is combined with the original
learned object query and then fed into Transformer. In practice,
we splice the last three layers of backbone ResNet model, and
use max-pooling layer and a feed-forward network to construct
the bias module. We use Tanh as activation for the module output
layer, and ReLU activation for other intermediate layers. The output shape of the bias module is 300, equivalent to the shape of
original learned object query. The total structure of featuredependent dynamic object query is shown in Fig. 4.
Worth mentioning, as trained by the semantic segmentation
auxiliary task, features drawn from backbone CNN is considered
to hold both mask and appearance information. These features
are not only used to generate DOQ for current frame, but also used
in Transformer’s decoder to generate object query in up-coming
frame for association step. While TransTrack uses image features
only for detection propagate, we also use image features for current querying.

Fig. 3. The structure of self-attention module.

As shown in Fig. 2, we branch out from the Transformer and
connect it with a U-Net to predict the mask of all objects in the current frame. By introducing this task, the model can be trained to
better extract foreground features.
The essence of Transformer is to use the attention mechanism
to discover the relationships between pixels.
According to DETR, the distribution of the heat map of the
attention mechanism calculated from the Transformer’s encoder’s
output contains only a rough outline, which can be improved to
more accurate attention results. Notably, the main task and the
auxiliary task are mutually aided. On one hand, the semantic segmentation task can be used as a supplement to tracking, which
improves the accuracy of tracking foreground acquisition by adding sufficient mask information. On the other hand, since the
MOT field contains foreground targets of different scales, it also
has a guiding role for semantic segmentation task. The semantic
mask extraction task also introduces noise interference to the
MOT task, which can improve the generalization effect of our proposed method. The multi-task approach can also make it easy for
the model to break away from the local minimum point, and learn
the difficult and potential features of the current task by auxiliary
one.
As mentioned above, the task is trained in a supervised manner. The supervised data is acquired from the MOTS [17] dataset,
which complements the original MOT dataset with additional
semantic mask data. In MOT datasets, target shapes vary largely
from each other. Several small-size objects are eliminated
because they are hardly to be identified, and we fuse object
masks of a certain range of sizes together to formulate semantic
masks for supervised data.
We use the last 3 layers of backbone ResNet, and use a series of
convolution and upsampling operations to reconstruct the foreground mask of given images. ReLU activation is used for every
convolutional layers. As shown in Fig. 2, the last layer of backbone
network is firstly convoluted and upsampling to the size of the second last layer, and the add operation is used to jointly get the
mixed feature of the two layers. Besides, the Group normalization
and ReLU operations are followed behind. The operations are
repeated to the third last layer. The kernel sizes of the three convolutional layers are set to 3. Then, the output layer reduces the channel of features and semantic segmentation results are obtained and
the kernel size is 1.
We use focal loss as the loss function for supervised learning in
this auxiliary task as defined in Eq. 2, where p is 0.25 and c is 2.
Generally speaking, the focal loss is computed according to different foreground information, highlighting the degree of misdivision of the foreground information. As previously, we also
neglect those out-group and small objects.

3.5. Association process
The association step between new detections and existing
n o
k
tracks close the problem of tracking. Here, let Dk ¼ di denotes
the bounding box collection of i-th detection in the current frame
k, and tjk1 represents the existing j-th track inthe previous frame,
n o
and T k ¼ t kj denotes the collection of bounding box of the prediction of j-th track in the current frame. The problem is to find the
best match between Dk and T k .
Unlike the tracking-by-detection methods, we neglect the
object feature matching score which is always calculated by cosine
similarity. In fact, following the tracking-by-query paradigm, we
k
only use IoU to measure the overlap between detection di and t k .
j
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Fig. 5. various distributions of pedestrians in different datasets. 5(a) is from MOT17-04 and 5(b) is selected from MOT17-05.

4.1. Experimental setup
Bias
Module
SelfAttention

Norm

Feed
Forward

Detection
Boxes

The ResNet50 [38] is used as the backbone network of our proposed method. Besides, we adopt the Adam optimizer to update
the parameters of the proposed model. The initial learning rate of

learned object query
Norm

Self-attention
Module

the Transformer is set to 2  104 , and the weight decay is set to

Feed
Forward

1  104 to dealing with overfitting. The batch size of training is
set to 2 on the device of a 16G Titan Xp, which is relatively small
due to the limitation of GPU memory. Besides, data augmentation
steps, which are commonly known as random resizing and crop,
are utilized to increase the diversity of training images. The model
is trained for 100 epochs with learning rate scheduled from

CNN

Self-attention
Module

Cross-attention
Module

Feed Forward
Module

Object
Feature

Images

2  104 to 2  105 . Part of our model weights are initialized with
the pre-trained weights obtained in [16] for reducing the training
time. For the training loss, kcls ; kL1 ; kgiou ; kmsk are set to 2, 5, 2 and
3, respectively. kcls ; kL1 and kgiou are equal to the TransTrack settings.
Since Transtrack sets parameters’ range from 0 to 5, we select 0, 1,
3, and 5 as the values of kmsk for analysis. The average precisions
with IoU P 0:95 of these hyperparameters are 0.5461, 0.5507,
0.5512 and 0.5480, respectively. Therefore, we set kmsk to be 3 to
ensure better performance of our model.

Fig. 4. The structure of dynamic query generation.



k
Let g di ; tkj denotes the IoU similarity between detection and
track, the total matching cost between Dk and T k can be calculated
and the Hungarian algorithm [37] is used to get correlation results
with minimum cost.
Therefore, after obtaining new detections Dk and propagating
existing tracks T k , we first find best match between Dk and T k .
Afterwards, we calculate the best matching IoU loss Lgiou in training
the tracking model. The total detection and tracking training loss is
calculated through Eq. 3.

L ¼ kcls  Lcls þ kL1  LL1 þ kgiou  Lgiou þ kmsk  Lmsk ;

4.2. Detection results
The detection performance indexes and their meanings are
listed in Table 1. We focus on the average precision and recall rate
of detections over ground truth under certain IoU indicators. The
dataset used for comparison with TransTrack is half of the
MOT17 [41] training set, and the results are listed in Table 2. Here,
we evaluate with IoU P 0:95; 0:75 and 0:50 circumstances, and the
average precision of our method when IoU P 0:95 is 0.554, which

ð3Þ

where Lcls represents the classification and category loss, LL1 and
Lgiou loss are used to calculate the L1 and generalized IoU [40] losses
of predicted bounding boxes compared with ground truth bounding
boxes. Lmsk is the semantic segmentation loss from Eq. 2. kcls ; kL1 ; kgiou
and kmsk are the hyper-parameters to balance these losses. Each loss
is scaled between 0 and 1 to guarantee that every loss is with the
same scale. Details of our configuration is discussed in Section 4.

Table 1
The detection evaluation indexes. (" denotes the higher the better, and # denotes the
lower the better.)

4. Experimental Results
Parameter settings and results on MOT datasets are shown and
discussed in this section. In addition, the ablation study results and
comparisons with current competitive methods are demonstrated
to verify the effectiveness of our modifications.
96

Index

Description

AP x "
AP S "
AP M "
APL "
Recallx "
RecallS "
RecallM "
RecallL "

Average precision of IoU P x
Average precision of small objects
Average precision of medium objects
Average precision of large objects
Recall rate of IoU P x
Recall rate of small objects
Recall rate of medium objects
Recall rate of large objects
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Table 2
Detection performance comparisons of our method with TransTrack on MOT17 half dataset.
methods

AP 95

AP 50

AP 75

AP S

AP M

AP L

Recall95

Recall50

Recall75

RecallS

RecallM

RecallL

TransTrack
Trans + query
Trans + mask + query

0.543
0.551
0.554

0.880
0.880
0.881

0.602
0.616
0.620

0.078
0.072
0.072

0.444
0.456
0.457

0.640
0.644
0.646

0.050
0.050
0.051

0.349
0.350
0.351

0.636
0.633
0.635

0.197
0.167
0.164

0.555
0.555
0.558

0.727
0.722
0.725

Fig. 7. The different feature maps of (a) SegDQ and (b) Transtrack..

4.3. MOT datasets and Evaluation indicators
The tracking performance indexes and their meanings are listed
in Table 3. In our experiments, we use MOT15, 16 and 17 training
and test datasets to evaluate the tracking results. The MOT17 dataset is a widely used MOT benchmark focusing on pedestrian tracking in daily traffic and street scenes. There are totally 7 video
sequences in MOT17 dataset, and each is evenly split into two
halves for training and testing respectively. The training sets provide both ground truth detection and tracking results which can
be used for custom evaluation, while the testing sets provide with
original videos only. Worth mentioning, the dataset contains a
diversity of videos taken from both high and low angles, day and
night.
Among the indicators, the MOTA is calculated by the following
Eq. 4:

Fig. 6. The original image from MOT17-02 dataset..

X
ðFPt þ FNt þ IDst Þ
X
MOTA ¼ 1  t
GT t

Table 3
The tracking evaluation indexes.

ð4Þ

t

Index

Description

MOTA "
MOTP "
ML #
MT "
Frag #
FP #
FN #
IDs #

Multiple Object Tracking Accuracy
Multiple Object Tracking Precision
Mostly lost
Mostly tracked
Number of track fragmentations
False positive output
False negative output
ID switch

where FP and FN represent the counts of false positive and false
negative respectively. IDs stands for the counts of ID switches,
and GT stands for the total counts of actual bounding boxes. The
IDF1 is proposed to evaluate the MOT accuracy and recall rate based
on the trajectory IDs, which can be calculated through Eq. 5,

IDF1 ¼

2IDTP
2IDTP þ IDFP þ IDFN

ð5Þ

where IDTP, IDFP and IDFN represent ID based true positive, false
positive and false negative counts respectively.
is 1.1% higher than TransTrack. Besides, in IoU P 0:75; IoU P 0:50
circumstances, our average precisions have achieved an increase
of 0.1% and 1.8%, respectively. Our method is valid in the recall
indexes of all three IoU proportions as well. Besides, the mAP
and recall rate of medium object detections improve 1.3% and 0.4%.
Fig. 7 shows the Transformer encoding attention results of the
Fig. 6 based on SegDQ and Transtrack, respectively. Compared with
Transtrack, more than only effectively detecting the pedestrians in
the center of view, our method is also capable of detecting the
pedestrians on the edge of view.

4.4. Segmentation assisted MOT tracking results
In terms of training the segmentation assisted model, the
hyper-parameter kmsk is used to balance the importances of MOT
and semantic segmentation tasks.
Examples of the semantic segmentation results are shown in
Fig. 8. As can be seen, the predicted segmentation is close to the
ground truth mask. The images are selected from different tracking
datasets, which contain pedestrians in multiple sizes. Besides,
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Fig. 8. The semantic mask generation results on MOT dataset. The first row shows the original challenging images on MOT17-02, MOT17-05, MOT17-09 and MOT17-11
respectively. The second row shows our auxiliary mask branch results of the corresponding results, and the last row displays the semantic segmentation groundtruth. Our
segmentation mask can predict more accurate and fine-grained information, so the coarse-grained information such as bounding boxes can also predict more accurate.

Table 4
Tracking performance on the test set of the MOT17 Benchmark.
Tracker

Mode

MOTA

IDF1

MT

ML

FP

FN

IDs

eHAF [42]
FWT [43]
eTC17 [44]
MOTDT17 [45]
DMAN [46]
JBNOT [47]
LSST17O [48]

Offline
Offline
Offline
Online
Online
Online
Online

51.8%
51.3%
51.9%
50.9%
51.9%
52.6%
52.7%

54.7%
47.6%
58.1%
52.7%
55.7%
50.8%
57.9%

public detection
551
505
544
413
454
465
421

893
830
836
841
902
844
863

33212
24101
36164
24069
26218
31572
22512

336772
247921
232783
250768
263608
232659
241936

1834
2648
2288
2474
2194
3050
2167

Tracktor + CTdet
TubeTK
DeepSORT
ChainedTracker
TransTrack
Ours

Online
Online
Online
Online
Online
Online

54.4 %
63.0%
60.3%
66.6%
65.8%
65.0%

private detection
78.1%
605
58.6%
735
61.2 %
742
78.2%
759
56.9%
759
59.4%
690

702
469
478
570
514
609

44109
27060
36111
22284
24000
20574

210774
177483
185301
160491
163683
172902

2574
4137
2442
5529
5355
4023

Table 5
Tracking performance on the test set of the MOT16 Benchmark.
Tracker

Mode

MOTA

IDF1

MT

ML

FP

FN

IDs

eHAF [42]
TPM [49]
MLT [50]
LMCNN [51]
TubeTK [52]
DeepSORT
HTA [53]
ChainedTracker [54]
Ours

Offline
Offline
Offline
Online
Online
Online
Online
Online
Online

47.2%
51.3%
52.8%
67.4%
64.0%
61.4%
62.4%
67.6%
65.7%

52.4%
47.9%
62.6%
61.2%
59.4%
62.2%
64.2%
57.2%
59.9%

141
142
160
290
254
249
285
250
230

325
310
322
146
147
138
92
175
187

12586
2701
5362
10109
10962
12852
19071
8934
8125

83107
85504
80444
48435
53626
56668
47839
48305
53100

542
569
299
931
1117
781
1619
1897
1317

MOT17, MOT16 and MOT15 datasets and the results are shown in
Tables 4–6.
From Table 4, our end to end tracking method achieves 59.0%
MOTA. Compared with the methods using public detections listed
in the table, we reduce the FP and FN numbers simultaneously.
Besides, the mostly tracked (MT) count is 492 and the mostly lost
(ML) count is reduced to 783. The IDs count is slightly higher than
others because we only use the IoU matching to get the final MOT
tracking results.

there also exist several failure segmentation cases. Because our
MOT task mainly deals with bounding boxes, tracking results are
robust to several inaccurate pixels within pedestrian contours.

4.5. MOT Results
As Section 4.3 shows, MOT method performances can be evaluated by the corresponding indexes. We evaluate SegDQ method on
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Table 6
Tracking performance on the test set of the MOT15 Benchmark.
Tracker

Mode

MOTA

IDF1

MT

ML

FP

FN

IDs

CRFTrack [55]
GNNMatch [56]
Tracktor++ [23]
STRN [45]
AMIR15 [57]
Ours

Online
Online
Online
Online
Online
Online

40.0%
46.7%
44.1%
38.1%
37.6%
40.3%

49.6%
43.2%
46.7%
46.6%
46.0%
47.1%

166
157
130
83
114
319

206
203
189
241
193
88

10295
6643
6477
5451
7933
18116

25917
25311
26577
31571
29397
17550

658
820
1318
1033
1026
1031

Table 7
The ablation study of tracking performance on MOT17 training dataset. Our method using only dynamic query based transformer and with both dynamic query and asssisted
segmentation task are shown in last two rows respectively.
Video number

Tracker

IDF1

MOTA

MT

ML

FP

FN

IDs

Frag

MOT17-02

TransTrack
ours
TransTrack
ours
TransTrack
ours
TransTrack
ours
TransTrack
ours
TransTrack
ours
TransTrack
ours
TransTrack
Ours + query
Ours + query + mask

40.2%
41.7%
75.7%
80.5%
56.9%
56.5%
61.1%
60.8%
63.4%
65.6%
58.6%
60.9%
65.4%
64.5%
64.9%
65.7%
67.8%

37.1%
37.3%
80.1%
80.9%
64.0%
63.3%
65.9%
65.5%
59.3%
58.2%
62.1%
63.8%
58.9%
52.9%
65.4%
64.3%
65.4%

11
10
42
42
23
23
12
13
14
14
13
10
24
18
139
125
130

23
21
3
1
15
16
3
3
2
3
12
17
3
7
61
80
68

310
286
369
374
61
75
13
9
686
550
331
75
367
435
2137
1271
1795

5833
5842
4294
4153
1116
1544
955
970
1659
1874
1362
1544
781
945
16000
17614
16463

67
62
141
95
30
17
14
13
67
52
20
17
150
108
489
372
378

175
160
420
356
65
44
47
38
228
202
64
44
122
113
1121
1031
979

MOT17-04
MOT17-05
MOT17-09
MOT17-10
MOT17-11
MOT17-13
Overall

be seen, the IDF1 of our method with dynamic query has increased
by 0.8%, and the ID switch count is reduced by 117 as well. The
number of fragments also reduces to 1031. Our method with
dynamic query and auxiliary segmentation task on MOT17 training
dataset is shown in the last row. The IDF1 has increased 2.9% and
the IDs and fragment numbers both reduced. Besides, the FP numbers are reduced simultaneously. Worth mentioning, MOT17-04 is
shot from a high angle and contains crowded pedestrians and the
IDF1 of our method on MOT17-04 has improved 4.8%, which means
our method is efficient in the crowd scenes.
Compared with Transtrack method, our method performs better
on IDF1 and so on. IDF1 is more sensitive to the accuracy of ID
information in MOT. The dynamic learned object queries can be
acquired to obtain more accurate candidate foreground distributions, and our model can acquire more accurate detections as well.

The results on MOT16 test dataset are shown in Table 5. MOT16
dataset is composed of 14 videos that are shot in various places
with different scenes. Consequently, our method achieves 65.7%
MOTA and 59.9% IDF1 as well. The MT count has been improved
to 492 and ML count have been reduced to 783. The counts of FP
and FN has also been decreased benefiting from effective Transformer based detection acquisition method.
Our method performs better MOTA on MOT15 test dataset as
Table 6 shows. MOT15 consists of 22 video sequences that adds
up to 996 s that include various challenging video sequences.
Besides, the total IDF1 is 47.1% and the ML number has reduced
to 88. The false negative number achieves 17550 and false positive
number is 18116.
Table 7 shows the ablation results of our method. Half of the
MOT17 training dataset is utilized to validate our method. As can

Fig. 9. The performance of our algorithm on MOT17 test dataset. The corresponding observation objects are highlighted by yellow arrows and the corresponding appeared
frame numbers are displayed in the right corner. Although the objects are occludied by their neighbors frequently in videos, the highlighted pedestrians are correctly tracked
during the time gaps.
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Because the queries obtained from the last frame are induced to
the current frame to get the locations of the existing tracks, more
accurate detection locations can lead to more stable correlation.
In addition, after semantic segmentation task is added, finegrained semantic segmentation information is added to the target
on the basis of detection bounding box, which helps the model
learn fine-grained knowledge, so as to better distinguish foreground targets.
Fig. 9 visualizes tracking performances of our method. As can be
seen, the positions of pedestrians are correctly selected and the
persons that highlighted by yellow arrows are tracked constantly
in large frame gaps.
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5. Conclusion
In this paper, based on Transformer, we propose a multi-task
and dynamic feature based query acquisition method to improve
multi-object tracking performance. A semantic segmentation
branch is used to aid the learning of Transformer in predicting foreground masks. This auxiliary task can help the main MOT task with
better foreground feature extracting and better bounding box
regression. We also propose a dynamic query which use the deep
features extracted from backbone network to generate biased
object queries, thus to realize more robust and accurate prediction
of new detections. Through our experiments on MOT15, MOT16
and MOT17, improvements on MOTA and IDF1 indexes can both
be achieved, thus we can draw the conclusion that our proposed
method is effective on multi-object tracking tasks.
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