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Combined Multilevel Detection and Trajectory
Prediction with FairMOT for Pedestrian
Multi-object Tracking
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Abstract—This paper presents a multilevel detection-
trajectory prediction FairMOT (MD-TPFairMOT) pedestrian
multi-object tracking approach to address the challenges of
missed tracking and frequent identity switches in dense scenes.
These issues are often exacerbated by factors such as object
occlusion, irregular motion patterns, and the high visual
similarity among pedestrians. The MD-TPFairMOT approach
combines a multilevel detection (MLD) and LSTM-based
trajectory prediction network (TP-LSTM). Specifically, the
MLD categorizes pedestrian objects into five levels based on
their scales for detection, and employs an adaptive pedestrian
central sampling region to reduce the missed tracking in
complex environments. The TP-LSTM uses the object bounding
box and velocity information from previous frames to address
prediction failures caused by occlusion. Moreover, the network
fuses the appearance and motion features during the data
association, thereby mitigating excessive reliance on the
appearance feature. Finally, the superiority of MD-TPFairMOT
over other algorithms (see, e.g., FairMOT, CTrackerV1, and
CenterTrack) is verified on the MOTChallenge dataset. The
results indicate that MD-TPFairMOT exhibits superior
occlusion resistance and accuracy.

Index Terms—pedestrian multi-object tracking, multilevel
detection, trajectory prediction, data association, FairMOT

1. INTRODUCTION

N the field of computer vision, pedestrian multi-object

tracking (MOT) has extensive applications in areas
including the automatic driving, video surveillance, action
recognition, and motion analysis [1]-[2]. The prevailing
framework for pedestrian MOT revolves around the
detection-and-tracking paradigm in the realm of deep
learning. The framework initially detects all pedestrian
objects in each video frame, subsequently utilizing
discriminatory features, such as appearance and motion, to
correlate the same pedestrian across different video frames,
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thereby constructing the motion trajectories and achieving the
goal of pedestrian MOT [3].

Tracking multiple pedestrian objects in dense scenarios
will face numerous problems due to the complexity of objects
and environments [4]. The frequent occlusion, uncertainty in
movement, and high similarity in appearance may exert
negative impacts on pedestrian detection and subsequent
identity (ID) matching [5]. For this reason, some scholars
have proposed detection-based MOT methods. Based on the
degree of integration within the algorithmic framework, the
existing algorithms can be categorized into two-step, one-step,
and end-to-end methods. Among these methods, SORT [6],
DeepSort [7], and other two-step methods could choose the
optimal model when realizing the sub-tasks of detection, re-
identification (Re-ID), and motion prediction. However,
these sub-tasks are heavily reliant on the performance of the
detector and will increase the redundant computation and
introduce the redundancy in computation, rendering the
algorithms unable to fulfill real-time requirements. Although
MOT can be implemented using a single network, such an
approach often results in significant computational time due
to the extensive size and complexity of the network model.
One-step methods such as DAN [8], MOTR [9], Track R-
CNN [10], JDE [11], and FairMOT [12] combine the
detection and Re-ID tasks, which reduces the redundant
computation and the dependence of the Re-ID task on the
object detection. These methods offer faster training and
deployment times, and are more straightforward to
implement, compared to traditional detection-tracking
models, while still achieving the state-of-the-art performance.

To tackle the challenges of ID switching and tracking
failure in dense scenes, which are often caused by frequent
occlusions, irregular motion patterns, and high appearance
similarity among objects, this paper proposes a novel MOT
method called MD-TPFairMOT. This method is built upon
the FairMOT algorithm from the one-step approach and
integrates multilevel detection with trajectory prediction. The
main contributions are summarized as follows.

(1) This paper proposes a multilevel detection method,
MLD, to solve the problem of missed detection and following
of pedestrians caused by frequent occlusion. The method
utilizes the different sizes of pedestrians during occlusion to
assign pedestrians of different scales to five separate levels
for detection. In addition, the method solves the centroid
offset problem through the multilevel detection. Finally,
MLD designs an adaptive pedestrian central sampling region
so that the detection frame contains more accurate pedestrian
object features.

Volume 52, Issue 4, April 2025, Pages 1137-1147



TAENG International Journal of Computer Science

=
| Multilevel detection branch

» MLD >
g
DLA-34 FPN )
= » Re-ID >
Backbone %
g
» TPLSTM » S
A
Past bounding box
information

Re-identiﬁcation branch

TP-LSTM (Trajectory prediction branch:

- -

Fig. 1. The model architecture of MD-TPFairMOT

(2) In order to solve the problem of inaccurate prediction
due to the uncertainty in pedestrian motion state, this paper
proposes LSTM-based trajectory prediction (TP-LSTM).
This method utilizes the object bounding box and velocity
information from previous frames to predict the current
frame’s position, and compares the prediction information
with the real information to adjust the corresponding weights,
thereby enhancing the accuracy of pedestrian motion
prediction.

(3) During the matching process, it integrates appearance
and motion features, thereby minimizing the reliance on
appearance features alone and substantially enhancing the
matching accuracy. Addressing the problem of ID matching
error caused by the high similarity of pedestrian appearance,
a data association method based on fused features (Fuse-
association) is proposed. It fuses the appearance and motion
features during the matching process, which reduces the
dependence on appearance features and improves the
matching accuracy.

This paper is an expanded and refined version of our
conference paper [13], with much more contents (e.g., the
length is more than doubled). It provides more innovations
and experiments based on [13], including mainly the
following: (a) A multilevel detection method which is more
suitable for pedestrian multi-object tracking is proposed. (b)
A data association method based on fusion features is
proposed. (¢) The working principle and steps of the
trajectory prediction branch are described in more detail, and
(d) ablation experiments and comparison experiments are
added, and more results and better discussions are obtained.

This paper is organized as follows. Section II introduces
the overall framework of the MD-TPFairMOT and the details
of each branch. In Section III, the experimental scheme and
results are introduced. The conclusions are presented in
Section IV.

II. PROPOSED METHOD

A. Overall Framework

In crowded pedestrian scenes, individuals frequently
obstruct each another, causing the bounding boxes to have
closely positioned or even overlapping center points. In this
case, CenterNet [14], the detection branch of FairMOT, will
only detect and return one object, which will result in the
missed detections and missed follow-ups, and when occluded
pedestrians reappear, they may be matched incorrectly,
causing frequent ID changes. In addition, the original
algorithm uses Kalman filtering for trajectory prediction to

assist with the Re-ID features when completing the matching
of the trajectory with the new frame detection. Pedestrian
movements often influence one another and do not adhere to
linear motion patterns, but Kalman filtering ignores these
interactions between pedestrians and is only applicable to
predicting the trajectory state of linear motion.

The MD-TPFairMOT algorithm is proposed to solve the
above problems existing in the pedestrian MOT method, and
its network architecture is shown in Fig. 1. For
accommodating the multilevel detection, the original
backbone network DLA-34 has been enhanced to extract
more accurate features, and then the proposed MLD is
combined with the Re-ID branch to carry out the detection
and feature extraction tasks at the same time. In addition, the
proposed TP-LSTM method leverages the past bounding box
information to predict the pedestrian’s trajectories [15].
Finally, the Fuse-association fuses the Re-ID features with the
motion features to match the detection results and finally
complete the pedestrian MOT task. Each part is explained in
detail in the following sections.

B. Feature Extraction Network

The detection branch of the MD-TPFairMOT adopts the
multilevel detection method to assign pedestrian objects to
different levels for being detected. Inspired by the algorithmic
structure of the FPN [16], this study designs a DLA-34 FPN
backbone network for multilevel detection, which is based on
the DLA-34 feature extraction network of FairMOT. The
schematic structures of DLA-34 FPN and DLA-34 are shown
in Fig. 2. In DLA-34_FPN, feature maps C,, C,, C,, and
C P, P, and P, levels. The P, and
L

respectively. P, to P, are defined as five different levels that

, are taken to generate

levels are down-sampled to generate P, and P, ,

are used for the final prediction of the MLD, replacing the
single final detection level P from DLA-34. s is the down-

sampling ratio of the feature map at the level to the input
image. DLA-34 FPN is constructed by downsampling the
original output feature maps and subsequently integrating
these downsampled maps with the features sourced from the
corresponding convolutional layers within the DLA-34
backbone network. This process enables the DLA-34 FPN to
leverage multi-scale feature information, thereby enhancing
its detection capabilities. By effectively combining the low-
level details from early convolutional layers with the high-
level semantics from later layers, DLA-34 FPN achieves
robust performance in multi-level detection tasks.
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C. MLD for the MD-TPFairMOT

The MD-TPFairMOT adopts the identical one-step
architecture as FairMOT. The input image is initially
processed through DLA-34 FPN to obtain the multi-level
feature map, which is subsequently fed into the detection and
Re-ID branches for detection and feature extraction purposes.
Both detection and Re-ID share a common output head, and
the structure is shown in Fig. 3. The classification task is
identical to FairMOT, requiring only the distinction between
pedestrians and the background. The heat map prediction
employed in the original algorithm is unsuitable for multilevel
detection, as it requires a larger feature map to prevent center
point offset. This paper introduces pixel-by-pixel detection
for multilevel detection and proposes two methods, largest-
area bounding box regression (box-largest) and adaptive
pedestrian central sampling region (sampling-adaptive),
specifically designed for the unique characteristics of
pedestrian objects. The Re-ID component has been modified
accordingly.

(1) Multilevel detection

The DLA-34 FPN provides various levels for multilevel
detection of the MLD, and the subsequent step is to assign the
objects to these levels according to the size of the bounding
box. The idea of the hierarchical level of the MLD is to assign
the smaller-scale pedestrian objects to the larger feature maps
to extract more information, so as to prevent obscured or
distant pedestrians from being missed.

(a) (b)

Fig. 4. (a) Example figure of the distances from the positivity sample point
to the four edges of the bounding box and (b) schematic of the regression of
the ambiguity point

Given the varying sizes at each level, the points on each
feature level must be mapped back to the original image to
accurately assess the object size during model training. Then
learn the category information of each pixel point and the
distance of each point to the left, top, right, and bottom edges

of the object bounding box: / "t ", and b, which allows
the model to learn how to infer the bounding box information
from the pixel features and to ensure good consistency
between predictions from different pixel points. The range of
sizes that need to be regressed for different feature levels is
defined as M,. M, M,, M, M, and M, are (0, 64], (64,

128], (128, 256], (256, 5121, and (512, « ), respectively. If
the max(!",¢",r",b") e M, , then the pedestrian detection box

belongs to the level i, otherwise, it is set as the negative
sample. The distances from the positive sample to the four
sides of the bounding box are shown in Fig. 4 (a).

(2) Largest-area bounding box regression

After defining the range of regression objects at each level,
this paper still encounters a scenario where a point needs to
regress multiple bounding boxes for pedestrian objects. As
shown in Fig. 4 (b), such a point is designated as the
regression point. The MLD selects the pedestrian object with
the largest bounding box area as the primary object for
regression at that specific point. In video sequences,
pedestrians that obscure other objects are usually closer to the
camera and have a larger bounding box, and regression
ambiguity typically arises on objects that are close to the
camera. Hence, selecting the pedestrian object with a larger
bounding box when the ambiguity point occurs is justifiable,
as it enables the model to capture more precise appearance
features, thereby facilitating the subsequent trajectory
prediction and ID matching tasks.

(3) Adaptive pedestrian central sampling region

By utilizing each pixel point for classification and
regression of the bounding box, this paper observes an
increase in the number of positive samples. However, this
methodology simultaneously introduces a significant amount
of interfering information. When directly applied to the MOT
of the pedestrian, the tracking performance will be affected
[17]. FCOS [18] proposes a square central sampling region to
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avoid introducing too much interfering information in the
detection process. However, it fails to adapt to the boundary
boxes of pedestrians with unequal height and width, which
leads to inaccurate Re-ID feature selection that does not fully
represent the object. To address this issue, the MLD proposes
an adaptive pedestrian central sampling region method, which
dynamically adjusts the central sampling region to a
rectangular shape that conforms to the aspect ratio of the
pedestrian boundary box. The adaptive pedestrian central
sampling region sets the position coordinates of the central

region as (¢, —r's,c, —rs,c, +r's,c, +7s) , where (c,,c,)

is the central position coordinate of the real object boundary
box. r'=(w/h)xr, h and v are the height and width of the

object boundary box, respectively, ris a hyperparameter and
sets to 2.

Fig. 5 shows the comparison between the square central
sampling region and the adaptive pedestrian central sampling
region. The large blue boxes demarcate the boundaries of the
object bounding box, while the small yellow boxes depict the
sampling region of the corresponding pedestrian object. The
red circles highlight the incorrect features of the pedestrian
objects. The adaptive pedestrian central sampling region
contains more accurate pedestrian object features, and can
adaptively adjust the center sampling range according to the
aspect ratio of the pedestrian object bounding box, thereby
ensuring that the sampling area corresponds to the shape of
the object.

(4) Re-ID for the MD-TPFairMOT

The task of Re-ID also necessitates feature extraction from
multiple levels. The size of the feature maps in each level is
1/8, 1/16, 1/32, 1/64, and 1/128 of the input image,
respectively. Even when the feature maps from all levels are
summed together, the resultant size is significantly smaller
compared to the feature map outputted by FairMOT, which is
1/4 the size of the input image.

MD-TPFairMOT combines the tasks of object detection
and Re-ID, which share the feature output of the backbone

e
Jjel,p]

network. The combined loss function for the detection and
Re-ID branches is used for joint training, and the overall loss
function is

11 1 |
totall 5 e_WlLdet + eT2Lidentity Tw W, )
where the ., and L, are the loss functions for detection

and Re-ID, respectively. The w, and w, are learnable

parameters that can be used to balance the conflict better

between the detection and Re-ID.
P LA

The object bounding
box

The sampling region
bounding box

(a)

Fig. 5. The comparison of pedestrian sampling regions: (a) square central
sampling region and (b) adaptive pedestrian central sampling region
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D. TP-LSTM for the MD-TPFairMOT

The TP-LSTM method predicts the object’s position in the
future frame by learning the bounding box information of the
object in the past frame. This innovative approach
circumvents the constraints associated with the trajectory
prediction capabilities of the Kalman filter used in FairMOT,
particularly in terms of the object’s motion state.
Consequently, this prediction method enhances the accuracy
of object position prediction, especially when the object is
occluded. The network structure of the TP-LSTM is shown in
Fig. 6. The functions and working processes of the modules
in the network are described as follows.

Step 1 The Past Encoder continuously iterates the
bounding box position and velocity information of each
object through LSTM [19]. At frame ¢, the bounding box
information of the past p frames of each object & is

expressed as set {bﬁp} , {bt"pﬂ} , {bt’il} , and
(%)
denotes the center position of the corresponding bounding
box, and (w h ) denotes the width and height of the

k
bk=(xt,yf,wf,htk,Axf,Ay:{,Aw[,Ah, ) ,  where

t

t°7
bounding box. A is the change between continuous time
steps, and (Axk AVF, AW AR ) denotes the velocity

information, The calculation is as follows.

Ag =g g/, Vg e{x,y,wh} @

Step 2 The feature encoding level is used to encode the
appearance features of the object. These features are extracted
from the feature extraction branch of the DLA-34 FPN. The
information provided by the feature encoding level provides
crucial visual context information for the objects being
predicted in the current frame. During the process of object
trajectory prediction, utilizing the information of these
appearance features not only enhances the accuracy of
matching objects with similar appearances but also
significantly improves the ability to match IDs when
occluded objects reappear.

Step 3 In order to check the accuracy of the past frame
information learned by the LSTM network and promptly
adjust the corresponding weights, the trajectory prediction
network uses the Past Decoder to reconstruct the bounding
boxes and velocities of the decoded past frames. The hidden
state vector of the Past Decoder is initialized by the final
result of the Past Encoder, and the hidden level state vector

includes /%, and memory cells in the LSTM. The output of the
decoder is the predicted value of the past frame information,

which can be expressed as BeR™ . The L1 loss function is
used to adjust the weight parameters of the Past Decoder as
follows.

Dk

A3)

past -

KXPX8k

1 j=t-p
where p is the number of frames using the object
information of the past frames, and K is the total number of
objects

Step 4 The K objects that have been detected are
predicted by the Future Decoder to predict their velocities in

future frames. As shown in Fig. 6, the coding vector &, of
the bounding box and speed information of the past frame is
connected with the embedding feature &, extracted by the
DLA-34_FPN to synthesize the feature vector &.. At each

time step, the previous hidden state vector needs to be
updated, and the predicted future frame velocity vector

VeR™ s generated by the fully connected level, where
= (AR, AP, AW, AR

Step S The bounding box regression level regresses the
bounding box of the object in the future frame, utilizing the
predicted velocity vectors of the future frame and the known
bounding box information of the previous frame. As shown
in Fig. 6, the “Cusum” is used to calculate the cumulative sum
of the predicted velocities of the future frames. The value of
the “Cusum” and the information of the previous frame are
used to calculate the predicted bounding box information

FeR" of the future frame, which
F={{B {0} {8 )} -
The calculation formula of the “Cusum” is
. v, =1
ge= o 4)

J

5k | ok
Pi+8t,j=2g
where .§f denotes the predicted position of the object in

frame j . The calculation formula of the bounding box
information of the future frame is
Lk k ok
bz+jl_bt—1+Sj:]:1"'q (5)
The accurate measurement of future frame information

prediction is consistent with the Past Decoder, L1 loss
function is adopted, and the calculation formula of L is

Suture

as follows.
t+q

quture = 1 qux4 ZZ

k=1 j=s

bt bt Q)

So the loss function of the predicted branch can be defined
as

L = Lpast + L/‘uture (7)

In the TP-LSTM branch, the inputs to the network consist
of the object bounding box and velocity vector of the previous
frame, and the image embedding is the feature extracted by
the backbone network. The initial three frames of the past
frame are initialized to zero, and then computed based on the
position information of the bounding box of the first two
frames to predict the position of the object in the future frame.
The Past Encoder, Past Decoder, and Future Decoder utilize
LSTM to encode and decode the object information of the
past frames, thereby predicting the object information of the
future frames. In addition, the proposed method dispenses
with the need to use the bounding box information of the past
frames at each level, instead, it feeds the image embedding
information, derived from the integrated output features of
the backbone network, into the trajectory prediction branch.
By integrating object detection, Re-ID, and trajectory
prediction, the Uncertainty loss function is employed for
multi-task training. The formulation of this loss function is as
follows.
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Algorithm 1: The Fuse-association of MD-TPFairMOT

Input: The detection and Re-ID information: D and R, the trajectory of previous frames: 7', and the predicted

trajectory box: Box,,,
Output: The matched trajectory: T,

atc

Parameter: 4, =0.7, time_, =30, 4, =05

Initialization: In the first frame, all detection results with confidence higher than the threshold are initialized as T,

for number of frames do

Calculating cosine distance d, : d, =1-cos(R, D)

. . Box_ ND

Calculating IOUdistance d; : d, = L'
|Box pre U D|

Fuse d, andd;: d,, = 4d, +(1-2)d,,,

First match: Hungarian matching (4, ,7T)

,» and the new trajectory: T,

ew

Second match: IOU match the unmatched trajectory and the unmatched detection

Initialize the unmatched detection as 7,,,,,
Define the unmatched trajectory as 7j,,

Predict the location of the 7, : Box,,,

Converting the number of lost frames C,: C,,, = time,, / time,,

Calculate the consumption cost : cost = 4, Box;,,, +(1-4,)Cj,,

When the cost <0.55, match Box,,, and T,
end for

Ltatal 2

2
where L, is the loss function and w, is the learnable

1 1 1 1 (8)
=— Tr]det+Tr2Lid +Tr3Lpre+Wl+Wz+W3
e e e

weight parameters for trajectory prediction.

E.  Fuse-association for the MD-TPFairMOT

The data association step of MD-TPFairMOT is
accomplished through the collaboration of three tasks: object
detection, Re-ID, and trajectory prediction. The cosine
distance d_, between the Re-ID features and detections and

the IOU distance d, between the predicted positions by TP-

LSTM and the detections are fused to match the existing
trajectories with the recognizable objects in the current frame.
Re-ID features may be less reliable in dense scenarios [20],
and relying only on them will lead to too much object ID
switching. Hence, if the minimum IOU distance between the
detection result and the trajectory prediction is excessively
large at the first matching, the cosine distance of the Re-ID
feature can be increased appropriately. After matching Re-ID
features and predicted positions, unmatched trajectories and
detections are further correlated using IOU distance, with the
Hungarian algorithm wused for bisection matching.
Unmatched detections after these two matches are initialized
as new trajectories, while unmatched trajectories are assessed
for matching or removal. The algorithmic pseudocode is
outlined in Algorithm 1.

III. EXPERIMENTAL RESULTS AND ANALYSIS

A.  Experiments Settings

(1) Datasets

This article utilizes the identical training dataset,
MOTChallenge, as employed by FairMOT, and proceeds to

compare the tracking outcomes of our algorithm against those
of FairMOT, as well as other one-step pedestrian multi-object
tracking algorithms, across the MOT15, MOT16, MOT17,
and MOT20 datasets. These datasets offer a diverse range of
scenarios, including urban streets, pedestrian zones, and
public transportation hubs, which pose different challenges
for tracking algorithms. The exhaustive details concerning
these datasets are presented in Table I.

(2) Evaluation indicators

The MOTChallenge evaluation standard is selected to
evaluate the performance of the designed network, which
drew on the CLEAR index and IDF1 value [21]. This
benchmark provides a comprehensive set of metrics to assess
tracking accuracy and robustness. In this evaluation
framework, MOTA denotes the overall tracking accuracy,
taking into account errors such as false positives, false
negatives, and ID switches. It is a crucial metric that reflects
the precision of the tracking algorithm in localizing and
identifying objects. IDF1 indicates the proportion of objects
with the correct ID among the total objects, emphasizing the
consistency of object identities over time. MT denotes the
proportion of hit trajectories to the total trajectories, and the
hit trajectory is defined as the trajectories whose length is
more than 80% of the true value. Conversely, ML denotes the
proportion of lost trajectories to the total trajectories, and the
lost trajectories are defined as the trajectories whose length is
less than 20% of the true value. FPS stands for the frame rate
of the tracking algorithm, which measures the speed of the
algorithm in processing video frames. Additionally, IDs
denotes the total number of object ID switches during the
tracking process. A lower number of ID switches indicates
that the algorithm maintains a more consistent and accurate
tracking of object identities.
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TABLEI
THE DETAILS OF DATASETS MOT15, MOT16, MOT17, AND MOT20

Number of Average number of .
Dataset Video sequences Average length (s) objects/ frame Characteristic
MOT15 22 453 9.0 The scene is diverse and low-density.
MOT16 14 331 209 It improves the density of the (.)b_] ect and standardizes the
annotation.
MOT17 14 331 26.7 More attention is paid to some difficult sampl§s, and a larger
number of public detectors are provided.
MOT20 8 66.9 156.8 The density is the highest and the mutual occlusion is serious.
TABLE II

THE RESULTS OF ABLATION EXPERIMENTS OF THE MLD

Multilevel detection Box-largest Sampling-adaptable MOTA?T IDF11 IDs|
X X X 67.1 70.9 441
N x x 69.8 (++4.02%)  71.6 (++0.98%) 416 (--5.67%)
+ + X 702 (++0.57%)  72.0 (++0.56%) 364 (--12.5%)
v + 70.6 (++0.57%)  72.3 (++0.42%) 335 (--7.97%)
(3) Parameter settings TABLEIII
The experimental environment includes Python3.7 COMPARISON RESULTS OF DLA-34_FPN AND OTHER MULTI-SCALE
; L BACKBONE NETWORKS
CUDAI11.2, and PyTorch 1.12.0. The GPU type is Nvidia ok bo et MOTA D] Do,
. . . . n T}
GeForce RTX 2080Ti, and the operating system is Windows oo : oo ! ! °
11. On the basis of the COCO pre-trained model, train Baseline 67.1 709 441
another 30 epochs, with a learning rate initially set to 10 and ResNet-34_FPN 64.4 69:6 369
duced by 10 ti fter 20 h d th tu ResNet-50_FPN 65.1 70.1 355
reduced by imes after epochs, and the momentum DLA-34_FPN(ours) 70.6 123 335

factor set to 0.9. The input image is resized to 1088 x 608.

B. Experimental Results and Analysis

(1) Experiment of MLD

The ablation experiments are conducted on the MLD
branch, using 50% of the training set provided by the MOT17
dataset for training purposes, while the other remaining 50%
for evaluation. The results are shown in Table II, where the

“~” denotes that the corresponding algorithm is used, and
“X” denotes that the corresponding algorithm is not used.
“++” represents the percentage increase in performance
compared to the previous experimental results, while “--”

represents the percentage decrease. “ T > means a larger value
for a better tracking effect, while “ | ” means a smaller value

for a better tracking effect, and the bold numbers represent
the optimal results, the same as below.

From Table II, it is evident that after using the multilevel
detection, the MOTA and IDF1 are improved by 4.02% and
0.98%, respectively, and the IDs is reduced by 5.67%. The
largest-area bounding box regression contributes to a 0.57%
increase in MOTA and a 0.56% increase in IDF1, while
decreasing the number of ID switches by 12.5%. This
indicates that the method is effective in significantly
minimizing the number of ID changes for pedestrian objects.
Incorporating the positive sample sampling region for
adaptable pedestrians into the algorithm results in a 0.57%
increase in MOTA and a 0.42% increase in IDF1, while
reducing the number of ID switches by 7.97%. This approach
effectively takes into account the unique characteristics of
adaptable pedestrians during sampling, ensuring that the
algorithm can better capture relevant features.The adaptive
pedestrian central sampling area reduces the influence of
ambiguity sampling points on the algorithm performance,
thus improving the accuracy of Re-ID feature selection and
reducing the number of pedestrian ID switches.

To validate the superiority of DLA-34 FPN, this paper
constructs multi-scale feature fusion architectures by
combining ResNet-34 and ResNet-50 from the ResNet [22]
series with the FPN, respectively, namely ResNet-34 FPN
and ResNet-50 FPN, for comparison with DLA-34 FPN.
Half of the training set provided by the MOT17 dataset was
used for training, while the remaining half was utilized for
evaluation. As shown in Table III, compared to the Baseline,
the three multi-scale feature fusion backbone networks
exhibit improvements in the MOTA, IDF1, and IDs metrics,
with DLA-34 FPN demonstrating the largest enhancement.
Specifically, its MOTA is 6.2 and 5.5 higher than that of
ResNet-34 FPN  and  ResNet-50 FPN, respectively.
Additionally, its IDF1 is 2.7 and 2.2 higher, while the number
of IDs is reduced by 34 and 20, respectively. These results
indicate that DLA-34 FPN has a significant advantage in
improving tracking performance.

(2) Experiment of TP-LSTM and Fuse-association

In order to verify the performance improvement of the TP-
LSTM and Fuse-association on FairMOT, comparative
experiments are conducted on the trajectory prediction branch
(TP branch) and data association branch (DA branch) of
FairMOT on datasets MOT16, MOT17, and MOT?20,
respectively. In Table IV, The symbol “— signifies the
utilization of the original method in FairMOT and “TP-RNN”
represents the substitution of LSTM with RNN within the TP-
LSTM framework. “+” represents the percentage
improvement in the performance compared to the original
method, while “-” means the percentage decrease in the
performance, the same as below.

As shown in Table IV, in dataset MOT16, the combined
effect of the TP-LSTM and Fuse-association increased
MOTA by 0.13%, IDF1 by 3.85%, and MT by 1.1%, and the
method also reduced the number of ID switches by 44.3%.
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The TP-LSTM is designed to address the problem of
nonlinear motion prediction, and its performance surpasses
other trajectory prediction methods, with an improvement of
1.65% in IDF1 and a reduction of 43.95% in IDs compared
to the baseline. Fuse-association reduces the dependence of
data association on appearance features. After using Fuse-
association, the performance of each trajectory prediction
method is improved, and the combined effect of TP-LSTM
and Fuse-association is the best one. As Table IV
demonstrates, similar patterns emerge with even more

significant improvements in the MOT17 and MOT20 datasets.

This is attributed to TP-LSTM’s ability to better leverage its
strength in predicting the trajectories of occluded pedestrians
as crowd density increases, especially in the more densely
populated MOTI17 and MOT20 datasets, while Fuse-
association effectively addresses more challenging pedestrian
matching scenarios with high appearance similarity in these
same datasets.

(3) Experiment of MD-TPFairMOT

In order to verify the gains of MLD, TP-LSTM, and Fuse-
association in pedestrian MOT algorithms, 50% of the
MOT17 training set is selected for training, and the remaining
50% of the data is used for evaluation. Ablation experiments
are conducted on these three parts, and the results are shown
in Table V. “+” represents the percentage increase in
performance compared to FairMOT, and “-” represents the
percentage decrease.

After adding the MLD, the tracking metrics increased by
5.1% MOTA and 2.0% IDF1, and decreased by 21.8% IDs.
These results suggest that MLD can effectively solve the
detection problem during occlusion and improve tracking
accuracy. TP-LSTM is designed to address the challenge of
position prediction following occlusion. With the addition of

TP-LSTM, MOTA, and IDF1 increased by 1.01% and 2.23%
respectively, and IDs decreased by 10.63%, indicating its
significant effect. Fuse-association analyzes that pedestrians
with high appearance similarity in dense scenes may lead to
matching errors, and fuses two features for matching. After
integrating the fuse-association, MOTA increased by 0.79%,
IDF1 increased by 0.47%, and IDs decreased by 10.87%,
which proves that it alleviates the problem of high appearance
similarity.

The experimental validation of MD-TPFairMOT has been
conducted using the MOT15, MOT16, MOT17, and MOT20
datasets, which are renowned benchmarks in the field of
MOT. In a comparative analysis with several state-of-the-art
one-step MOT methods, MD-TPFairMOT demonstrates
superior performance, as evident from Table VI. Specifically,
MD-TPFairMOT achieves the highest scores in both MOTA
and IDF1, highlighting its robustness and accuracy in
tracking pedestrian objects. The enhancement in detection
accuracy achieved by the MLD method is a key factor
contributing to MD-TPFairMOT’s superior performance. By
assigning pedestrians of different scales to separate detection
levels, MLD effectively reduces missed detections and
improves the precision of Re-ID feature selection. This, in
turn, enhances the representation ability of MD-TPFairMOT
for pedestrian objects, leading to more accurate tracking
results. Furthermore, TP-LSTM addresses the challenges
posed by the dynamic motion states of objects. By leveraging
past frame information, including object bounding boxes and
velocity data, TP-LSTM accurately predicts the future
positions of pedestrian objects. This predictive capability
enhances the robustness of MD-TPFairMOT in handling
complex tracking scenarios, where the motion patterns of
pedestrians can be highly unpredictable.

TABLE IV
COMPARISON RESULTS ON THE DATASETS MOT16, MOT17, AND MOT20 OF TP-LSTM AND FUSE-ASSOCIATION
Dataset TP branch DA branch MOTA? IDF11 MT? IDs|
— — 74.9 72.8 44.7% 1074
— Fuse-association 75.0 (+0.13%) 73.4 (+0.82%) 45.0% (+0.3%) 889 (-17.22%)
MOTI16 TP-RNN — 74.0 (-1.2%) 73.3 (+0.69%) 44.2% (-0.5%) 875 (-18.53%)
TP-RNN Fuse-association 73.8 (-1.47%) 75.0 (+3.02%) 44.9% (+0.2%) 719 (-33.06%)
TP-LSTM — 74.3 (-0.8%) 74.0 (+1.65%) 44.7% (+0%) 603 (-43.95%)
TP-LSTM Fuse-association 74.2 (-0.93%) 75.6 (+3.85%) 45.8% (+1.1%) 598 (-44.33%)
— — 73.7 72.3 43.2% 3303
— Fuse-association 73.6 (-0.14%) 73.5 (+1.66%) 43.8% (+0.6%) 2703 (-18.17%)
MOT17 TP-RNN — 73.9 (+0.27%) 73.7 (+1.93%) 44.3% (+1.1%) 2630 (-20.38%)
TP-RNN Fuse-association 74.0 (+0.41%) 74.0 (+2.35%) 45.1% (+1.9%) 2092 (-36.67%)
TP-LSTM — 74.1 (+0.54%) 74.8 (+3.46%) 45.0% (+1.8%) 2109 (-36.12%)
TP-LSTM Fuse-association 74.4 (+0.95%) 75.3 (+4.15%) 46.0% (+2.8%) 1825 (-44.75%)
— — 61.8 67.3 68.8% 5243
— Fuse-association 61.4 (-0.65%) 67.8 (+0.74%) 69.2% (+0.4%) 4269 (-18.56%)
MOT20 TP-RNN — 60.4 (-2.26%) 67.3 (+0%) 59.6% (-9.2%) 3532 (-32.45%)
TP-RNN Fuse-association 60.2 (-2.59%) 68.7 (+2.08%) 59.8% (-9.0%) 2780 (-0.74%)
TP-LSTM — 61.2 (-0.97%) 67.5 (+0.3%) 61.5% (-7.3%) 3025 (-46.95%)
TP-LSTM Fuse-association 61.9 (+0.16%) 69.1 (+2.68%) 62.4% (-6.4%) 2325 (-55.66%)
TABLE V
THE RESULTS OF ABLATION EXPERIMENTS OF MD-TPFAIRMOT
MLD TP-LSTM Fuse-association MOTA? IDF11 IDs|
X X X 67.1 70.9 441
N X X 70.6 (+5.1%) 72.3 (+2.0%) 335 (-21.8%)
ol v X 71.2 (+6.11%) 73.9 (+4.23%) 298 (-32.43%)
N N v 71.7 (+6.9%) 74.2 (+4.7%) 249 (-43.3%)
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When evaluating the IDs of tracked objects, MD-
TPFairMOT demonstrates the lowest ID count across all
datasets, outperforming FairMOT and other methods
significantly. The number of IDs directly reflects the ability
of a tracking algorithm to maintain the consistency of object
identities. In complex tracking scenarios, if an algorithm can
stably assign a unique ID to each object and keep it
unchanged throughout the entire tracking process, then the
number of IDs will be relatively low. Lastly, the experimental
results also reveal that MD-TPFairMOT maintains a

competitive FPS despite its increased complexity. This
balance between performance and efficiency is crucial for
real-time applications, where both accuracy and speed are
essential. Fig. 7 depicts a point-line chart that graphically
illustrates the three key indicators—MOTA, IDF1, and IDs—
extracted from Table VI. It is evident that MD-TPFairMOT
exhibits superior overall performance across these three
indicators on all four datasets, demonstrating its excellence in
tracking accuracy, target identification capability, and
identity linkage performance.

TABLE VI
THE EXPERIMENTAL COMPARATIVE RESULTS OF MD-TPFAIRMOT WITH OTHER ONE-STEP MOT METHODS
Dataset Tracking algorithm MOTA?T IDF11 MT? ML| IDs| FPS?
TubeTK [23] 58.4 53.1 39.3% 18.0% 854 5.8
JDE 58.2 52.8 40.7% 16.2% 741 20.4
MOTI5 CTrackerV1 [24] 59.8 51.7 39.0% 16.8% 672 7.2
CenterTrack [25] 60.3 534 42.7% 15.9% 647 16.8
FairMOT 60.6 64.7 47.6% 11.0% 591 30.5
MD-TPFairMOT (ours) 62.0 65.6 48.3% 17.2% 535 20.7
TubeTK 64.0 59.4 33.5% 20.4% 854 1.0
JDE 64.4 55.8 35.4% 20.0% 741 18.5
MOTI16 CTrackerV1 67.6 57.2 32.9% 18.1% 672 6.8
CenterTrack 67.9 65.6 35.2% 18.3% 647 16.9
FairMOT 74.9 72.8 44.7% 15.9% 591 25.9
MD-TPFairMOT (ours) 75.4 75.9 46.2% 19.8% 535 16.3
TubeTK 63.0 58.6 31.2% 19.9% 4137 3.0
JDE 63.3 59.7 31.8% 23.0% 5327 18.5
MOT17 CTrackerV1 66.6 57.4 32.2% 24.2% 5529 6.8
CenterTrack 67.8 64.7 34.6% 22.6% 2583 17.5
FairMOT 73.7 72.3 43.2% 17.3% 3303 25.9
MD-TPFairMOT (ours) 75.2 75.6 46.9% 20.7% 1673 16.2
TubeTK 50.3 49.3 52.4% 13.8% 4448 6.9
JDE 55.7 50.4 56.4% 10.4% 4661 10.5
MOT20 CTrackerV1 57.6 60.2 57.9% 8.9% 5197 6.8
CenterTrack 58.8 59.3 61.6% 9.8% 4818 18.7
FairMOT 61.8 67.3 68.8% 7.6% 5243 23.2
MD-TPFairMOT (ours) 61.5 68.0 62.2% 10.3% 2220 11.5
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Fig. 7. The point-line chart comparing MD-TPFairMOT with other one-step methods in terms of MOTA, IDF1, and IDs indicators
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Fig. 8. Visual comparison of tracking results between FairMOT and MD-TPFairMOT in complex and blurry scenarios: (a) tracking images of FairMOT and

(b) tracking images of MD-TPFaiMOT

To directly compare the tracking performance of MD-
TPFairMOT and FairMOT under dense, occluded, and blurry
conditions, Fig. 8 presents partial comparison images of the
two algorithms on the MOT15, MOT16, MOT17, and
MOT20 datasets. Fig. 8(a) shows the tracking results of
FairMOT, with pedestrians that are not successfully tracked
marked in yellow boxes. In contrast, Fig. 8(b) displays the
tracking outcomes of MD-TPFairMOT, where the
corresponding  successfully tracked pedestrians are
highlighted with red boxes. It is evident that in scenes with
high density, occlusion, or blurring, FairMOT fails to
correctly track some pedestrians, whereas MD-TPFairMOT
is able to capture those that FairMOT misses. MD-
TPFairMOT demonstrates a superior ability to track
pedestrians more effectively and exhibits better performance
in handling dense and occluded situations. Furthermore,
when tracking pedestrians, it is necessary to consider not only
the influence of other pedestrians but also the impact of the
background environment on tracking performance. This
indirectly demonstrates that our proposed algorithm improves
the accuracy of RelD feature selection and pedestrian motion
prediction for pedestrian objects, leading to more precise
tracking of pedestrian objects.

IV. CONCLUSION

This paper addresses the challenge of degraded tracking
performance in dense scenes for the pedestrian tracking
method FairMOT, stemming from frequent pedestrian
occlusions and the high similarity of their appearance. By
analyzing the characteristics of large-scale differences and
uncertain motion states of pedestrians in dense scenarios, this
paper proposes a new pedestrian MOT method, MD-
TPFairMOT. The method uses MLD for hierarchical
detection of pedestrians of different sizes, and its largest-area
bounding box regression and adaptive pedestrian central
sampling region are more in line with the characteristics of
pedestrian occlusion, improving the accuracy of object

detection. Simultaneously, using TP-LSTM for trajectory
prediction and utilizing past frame information to predict
pedestrian positions solves the problem of nonlinear motion
prediction. In addition, Fuse-association is used to fuse Re-
ID features and motion features to avoid incorrect matching
caused by high appearance similarity. Experiments on the
datasets MOT15, MOT16, MOT17, and MOT20 demonstrate
that the proposed method offers improved accuracy and
occlusion resistance in dense scenes.
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