City-Scale Multi-Camera Vehicle Tracking based on Space-Time-Appearance
Features
Hui Yao, Zhizhao Duan, Zhen Xie, Jingbo Chen, Xi Wu, Duo Xu, Yutao Gao
Alibaba Group
Hangzhou, Zhejiang Province, China
{beiyu.yh, zhizhao.dzz, xiezhen.xz, jingbo.cjb, lingke.wx, manii.xd}@alibaba-inc.com
yutao.gao@alipay.com

Abstract
Multi-Camera Multi-Vehicle Tracking (MCMVT) is an
essential task in the field of city-scale traffic management,
which usually consists of three sub-tasks: object detection and re-identification (ReID), single-camera tracking,
cross-camera trajectory association. Compared with existing methods, two challenges are considered and addressed
in this paper: (1) low-confidence objects could be missed
without extra data annotation, (2) precise association of
trajectories from different cameras is affected by multiple
factors. For the first challenge, a cascaded tracking method
based on detection, appearance features and trajectory interpolation is proposed, exploiting potential real targets in
low-confidence objects to improve detection and identification recall. For the second challenge, space, time and
appearance features are proposed to be the most crucial
factors for trajectory association, so a zone-gate and timedecay based matching mechanism is proposed to adjust
original appearance matrix to link tracklets more precisely
from different cameras. Extensive experimental results validate the effectiveness of the proposed innovative technologies.

1. Introduction
With the blossom of autonomous driving, the demand
for the digital traffic management platform and the development of urban intelligence is becoming more and more
prominent. Among them, Multi-Camera Multi-Vehicle
Tracking (MCMVT) is one of the most important perception tasks. It aims at tracking the cross-camera trajectories
of multiple vehicles. Fig. 1 shows the complete tracking
chain of a certain vehicle under different cameras.
The MCMVT task usually consists of three sub-tasks:
object detection and ReID, single-camera tracking, crosscamera trajectory association. The goal of the first two

Figure 1. Illustration of MCMVT. The top is the camera position
distribution map in the urban scene, arrows represent the directions
that cameras are facing; the bottom is the tracking trajectory of
vehicle 67 under different cameras.

sub-tasks is to identify the trajectory of each target seen in
single cameras with a tracking-by-detection manner. Outstanding detection and tracking results have been achieved
in the computer vision community with accurate data annotation. However, city-scale annotation is heavy and expensive. Thus, fully utilizing pretrained detection models
trained on public datasets is necessary. The challenge is
that the performance of public models is unstable in unseen
scenes. Many objects would be filtered by a common con-
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fidence threshold, because the confidences of objects given
by public models are relatively low and indistinguishable.
When accurate targets in single cameras are obtained, the
last sub-task aims to concatenate multiple trajectories of
each single target. The challenge is that precise association
of trajectories from different cameras is affected by multiple factors. To identify a unique target, we propose three
constraints that need to be considered: space, time and appearance. How to design an efficient mechanism to take
all of these constraints into consideration and improve the
matching precision is to be addressed.
For the first challenge, inspired by ByteTrack [39],
which uses low-confidence objects to assist in tracking, we
propose a cascaded association strategy including ReID and
box to match high-confidence objects, and mine the real targets from low-confidence objects using a strict IOU based
matching method. Thus, low-confidence objects that may
be filtered could be reserved, contributing to high target recall. Furthermore, trajectory interpolation is used to connect fragmented tracklets.
To address the second challenge, on the basis of the original matching matrix based on ReID feature similarity, we
introduce the spatial-temporal constraint information to optimize the clustering matrix by establishing the zone-gate
mechanism and time-decay filtering strategy. In this way,
high precision could be achieved.
The contributions of this paper could be summarized as
follows:
1). Propose a cascaded tracking method based on
detection-appearance features and trajectory interpolation to improve target recall, without extra data annotation.
2). Propose a zone-gate and time-decay based matching
mechanism to fully utilize space-time-appearance features, contributing to precise trajectory association
3). Achieve an IDF1 score of 0.8371, which ranked the
3rd place on the public leaderboard of Track 1, AI
City Chalenge 2022.

2. Related Work
2.1. Object Detection and Re-identification
Object Detection. Object detection, as the foundational
task for computer vision, is usually classified into two categories. One is the two-stage detectors and the representative works are R-CNN series [4, 5, 18, 26]. The other is
the one-stage methods which become well-known owing
to the YOLO series [2, 23–25]. Besides, it is also possible to categorize the detection methods into the anchorbased [15, 27] and the anchor-free [32, 44]. Recently, the
transformer based detectors such as DETR [46] and Swin
Transformer [17] are booming, pointing out a new development direction of object detection.

Re-identification. As an important component of
MCMVT, Vehicle ReID can not only assist in the process
of intra-camera tracking, but also plays an irreplaceable role
in inter-camera tracking. Within the research field of ReID,
many works focus on how to design efficient loss functions,
such as triplet loss [8], circle loss [28], etc. Also, weakly
supervised detection [45] and synthetic data [41] prove to
be beneficial by expanding the training data and reducing
the receptive field. He et al. [7] generate the pseudo labels of test samples using Identity Mining Method, then
fine-tune the model on the test domain to improve the performance. Moreover, Some post-processing techniques are
proposed to further optimize the identification resutls, such
as model ensemble [19], re-ranking [42], image-to-track retrieval [16], etc. Luo et al. [19] who won the 1st place in
Track 2 of AI City Challenge 2021 [22], prove that the tricks
of the person ReID strong baseline [20, 21] also have a significant performance on Vehicle ReID. Due to the impressive effect, we consider retraining the model based on this
method and use it as our ReID feature extractor.

2.2. Multiple Object Tracking
Multiple object tracking (MOT) is one of the dominant
topics for autonomous driving. Its goal is to associate the
same targets in the video sequence, and connect each of
them into a tracking chain with a unique identity. The
classical tracking methods are mainly based on the probability theory, especiallythe Kalman [34] and particle filters [6] lay a good mathematical foundation for tracking
problems. Based on the Kalman filter, SORT [1] is widely
used for tracking problems. In recent years, CNN-based
tracking methods have become popular. DeepSort [35], as
the representative method of separated detection and tracking (SDT), uses a stand-alone ReID model to reduce ID
switch. JDE [12,33,36,40] adopts a weight-shared CNN for
object detection and ReID feature extraction, which is considered a means of joint detection and tracking (JDT). CenterTrack [43] detects targets with the point-based heatmap
and then tracks them with a simple greedy match. In addition, transformer-based tracking methods are also applied
successfully recently. TransMOT [3] applies a graph transformer for the spatial-temporal modeling. TransCenter [37]
is the first MOT architecture to predict the target heatmap
based on the transformer.

2.3. Multi-Camera Multiple Object Tracking
Based on the results of aforementioned tasks, the mission of multi-camera multi-target tracking is to connect the
tracking chains under different cameras in series. For this
purpose, there has been a lot of excellent work [9–11, 14,
30, 31, 38]. For example, [14] proposes Direction Based
Temporal Mask (DBTM) to reduce search space of matching. [38] pre-defines enter/exit areas and a time window to
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constrain the clustering domain. However, the filtering conditions of the above methods are relatively rough, resulting
in some limitations for further performance improvement.

3. Method
3.1. Vehicle Detection and Re-identification
As separate computer vision tasks, detection and reidentification are the basic work of tracking, and there are
many mature solutions. So this paper will follow existing
methods to generate detection boxes and ReID features.
For the detection task, we use the YOLOv5x1 model
which is pre-trained on the COCO dataset [13]. As for ReID
task, we retrain the models as our ReID feature extractor
following the work proposed by Luo et al. [19], and configures are set to the same. The loss function we use can be
formulated as:
  L = L_{c} + \alpha L_{t} \label {total loss} 
(1)
where Lc and Lt denote softmax cross-entropy loss [29]
and triplet loss respectively. α is a balance weight, set to 1
by default.

ID clustering faces many challenges. Hence, based on the
Sub-Clustering in Adjacent Cameras (SCAC) proposed by
Liu et al. [14], we cluster each pair of adjacent cameras separately, and then extend the clustering results to the entire
scene chain.
First of all, to improve the robustness and representation
ability of features, for tracklet i under camera N , we calculate the average features of all frames and use it as the
for cross-camera matching. Then a
trajectory feature ftN
i
cosine similarity matching matrix M between camera N
and N + 1 can be established based on the above ReID features, i.e.,

  M\!=\!\begin {bmatrix} m(t^{N}_{1},t^{N+1}_{1})&\! \cdots \!&m(t^{N}_{1},t^{N+1}_{j}) & \!\cdots \! &m(t^{N}_{1},t^{N+1}_{J})\\ \vdots & \!\!& \vdots & \!\!&\vdots \\ m_(t^{N}_{i},t^{N+1}_{1})& \!\cdots \!&m(t^{N}_{i},t^{N+1}_{j})& \!\cdots \!&m(t^{N}_{i},t^{N+1}_{J})\\ \vdots & \!\! & \vdots & \!\!&\vdots \\ m(t^{N}_{I},t^{N+1}_{1})& \!\cdots \!&m(t^{N}_{I},t^{N+1}_{j})& \!\cdots \!& m(t^{N}_{I},t^{N+1}_{J}) \end {bmatrix} \label {eq:matrix} 

(2)

where I denotes the total number of tracklets in camera N ,
J denotes the total number of tracklets in camera N + 1. N
is the camera ID, ranging from 41 to 45, and

3.2. Single Camera Tracking
Considering the performance and robustness, we devide
the single-camera tracking problem into three parts, which
are box detection, feature embedding and target association.
We use the methods described above for the first two parts.
ByteTrack [39] is a state-of-art method which mine the real
target from the low confidence box sufficiently to improve
the tracking performance. Therefore, we take the ByteTrack’s tracker management parts and association strategy
as reference. Beyond that, we find that ReID features are
of great importance, which will affect the performance of
MCMVT. The way only using IOU will cause false matching, which will lead to a confusion in the appearance representation of the tracking chain. So we use a cascaded
matching strategy.
Specifically, we first associate the high confidence box
with ReID features, then the unmatched trackers are associated with boxes by IOU. Lastly, we just match the low confidence boxes with IOU to enhance the stability of tracking.
The Kalman filter is used for track updating.

3.3. Multi-Camera Vehicle Tracking
Different from the purpose of MOT, MCMVT needs
to match the inter-camera tracklets to obtain the complete
tracking chain of each target. A general solution is to use
ReID features to associate vehicle candidates under different cameras. However, due to the similar appearance, the
ambiguity of the cropped image and the numerous candidates in the gallery, directly using appearance features for

  m(t^{N}_{i},t^{N+1}_{j}) = \cos (f_{t_{i}^{N}},f_{t_{j}^{N+1}}), 

(3)

N +1
means cosine similarity between tracklet tN
.
i and tj
Further, we propose a more advanced spatial-temporal
constraint method to dynamically regulate the matching matrix, which can shrink the matching space and reduce the association difficulty. This module includes two parts, namely
the zone-gate mechanism based on bi-directional main road
partition, and matching probability adjustment based on the
temporal decay curve.

3.3.1

Zone-Gate Mechanism

From Fig. 2, it can be seen that for intersection (camera) N ,
there are a total of 12 driving routes for vehicles. For all of
these driving routes, if the tracklet under this camera needs
to associate with the next intersection N + 1, it must pass
through zone 3 and 4; similarly, if it needs to associate with
the previous intersection N − 1, it must go through zone 7
and 8. With the simplified definition, we only focus on the
four bi-directional zones (3, 4, 7 and 8) on the main road,
regardless of whether it comes from or goes to the bypasses.
Following the above-mentioned principles, we divided the
zones of different intersections as shown in Fig. 3.
N +1
For tracklet tN
, we construct the following
i and tj
gate function:

  g(t^{N}_{i},t^{N+1}_{j}) =\begin {cases} 1 & \text { if } 3 \in Z_{t^{N}_{i}}, 8 \in Z_{t^{N+1}_{j}}\\ 1 & \text { if } 4 \in Z_{t^{N}_{i}}, 7 \in Z_{t^{N+1}_{j}}\\ 0 & \text { else } \\ \end {cases} \label {eq:gate_function} 

1 https://github.com/ultralytics/yolov5
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(4)

Figure 2. The analysis diagram of zones matching of intersections. The numbers represent zone IDs, arrows represent all possible driving
routes at intersection N .

Figure 3. Illustration of split zones in bi-directional main road.
Red, green, blue and white correspond to zones 8, 7, 3 and 4 respectively in Fig. 2.
Figure 4. The time decay curve, the horizontal axis represents
elapsed time, and the vertical axis is the matching probability.

where Zt denotes the list of zones that trajectory t traverses. As shown in Eq. (4), the gate will be switched
N +1
ON only when tN
passes
i passes through zone 3 and tj
+1
N
through zone 8, or ti passes through zone 4 and tN
j
passes through zone 7.
With the gate function g(·), we obtain the space-aware
′
mask matrix G and filtered similarity matrix M :
  M^{'} = G\cdot M 

(5)

which greatly reduces the matching space.
3.3.2

Specifically, we obtain the actual distance between adjacent intersections according to the GPS position of each
camera, and then set the average elapsed time of each road
based on experience. Our temporal probability curve is
shown as Eq. (6) and Fig. 4.

Time-Decay Strategy

Empirically, humans often consider the elapsed time as an
important factor when they try to identify a target across
different cameras. Inspired by this, this paper introduces the
time variable, to adjust the matching probability between
different vehicles. Through this method, the performance
of MCMVT is further improved.

  p=\begin {cases} 0,& \text { if } T<T_{min} \\ 1+(1-p_{min})\frac {T-T_{mean}}{T_{max}-T_{mean}},& \text { if } T_{min}\le T<T_{mean} \\ 1-(1-p_{min})\frac {T-T_{mean}}{T_{max}-T_{mean}}, & \text { if } T\ge T_{mean} \end {cases} \label {eq:time_function} 

(6)
The matching probability decays linearly from point
(Tmean , 1) to both ends, whose decay slope is determined
by (Tmean , 1) and (Tmax , pmin ). Theoretically, a vehicle
can stay between two intersections for a long time, but cannot appear at the next intersection in a very short time.
Therefore, when the time reaches the maximum threshold
Tmax , the matching probability drops to pmin ; when the
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time is less than Tmin , the matching probability is truncated
to 0.
It is worth noting that, the elapsed time T is related to
the driving direction of the main road, i.e.:
  T=\begin {cases} T^{N+1}_{j,s} - T^{N}_{i,e},& \text { if } 3 \in Z_{t^{N}_{i}}, 8 \in Z_{t^{N+1}_{j}} \\ T^{N}_{i,s} - T^{N+1}_{j,e},& \text { if } 4 \in Z_{t^{N}_{i}}, 7 \in Z_{t^{N+1}_{j}} \\ \end {cases} 

(7)

where Ts means the start time, Te means the end time.
Then we generate a temporal decay matrix P and apply
it to the following equation,
  M^{''} = G\cdot M^{'} 

(8)

to get the final spatial-temporal constrained matching ma′′
trix M .

4.2. Evaluation Metric

3.4. Trajectory Post-Processing
Despite using the cascaded tracking framework, the final
results still have fragmented trajectories, which inevitably
leads to true targets missing. To further improve the recall
rate, we design an interpolated post-processing module for
interrupted trajectories.
Assume that the time series in which trajectory t exists
are [1, 2, ..., T1 ], [T2 , T2 + 1, ..., Tn ], where T2 > T1 . It is
reasonable to believe that in the interval [T1 , T2 ], the trajectory is temporarily lost due to occlusion or other reasons,
so we use linear interpolation to complete the tracking box
B at time T , which belongs to [T1 , T2 ]. The interpolation
formula is as follows:
  B_{T} = B_{T_{1}}+(B_{T_{2}} - B_{T_{1}})\frac {T-T_{1}}{T_{2}-T_{1}} 

(9)

Fig. 5 shows the visual tracking results before and after
post-processing. It can be seen that this module plays an
important role in maintaining the coherence of the tracking
trajectory and improving the detection recall and identification recall.

4. Experiments
4.1. Datasets
We participated in Track 1, which takes CityFlowV22
as the dataset (name it AIC22-T1). The dataset contains
3.58 hours (215.03 minutes) of videos collected from 46
cameras spanning 16 intersections in a mid-sized U.S. city.
The dataset is divided into 6 scenarios. Scenario S06 is used
for testing.
For the ReID module, we used the benchmark of AI
City Challenge 2021 Track 2 (name it AIC21-T2), which
consists of a real-world dataset and an additional synthetic
dataset3 .
2 https://www.aicitychallenge.org/2022-track1-download/
3 After

Figure 5. Illustration of tracking visualization before and after
trajectory interpolation under the C042 camera. Top: before interpolation; Bottom: after interpolation.

consulting the official by email, it is confirmed that the dataset
can be used.

For track 1: City-Scale Multi-Camera Vehicle Tracking,
the evaluation metric is IDF 1, which measures the ratio
of correctly identified detections over the ground-truth and
the average number of calculated detections. Its specific
calculation formula is:
  IDF1=\frac {2\cdot IDTP}{2\cdot IDTP + IDFP+IDFN} 

(10)

where IDT P is the number of true positive identities,
IDF P is the number of false positive identities and IDF N
represents the number of false negative identities.
In addition, reference mcetrics such as IDP , IDR,
P recision, Recall are also provided, but are not used for
ranking.

4.3. Implementation Details
Our tracking system runs on a PC with four Tesla V100
(32 GB) GPUs, the deep learning framework is PyTorch 1.8.
Following [14], in the vehicle detection part, we set the image size to 1280 and the confidence threshold to 0.1 to predict each frame of all test videos. Then the cropped images
are resized to (384, 384) to extract ReID features, whose
dimension is 2048 dimensions. In the single-camera tracking stage, the high confidence is set to 0.4, while the low
confidence is set to 0.1. Besides, the IOU cost confidence
for the high confidence box association is set to 0.8 and the
IOU cost confidence for the low confidence box association
is 0.5. In the inter-camera matching stage, the temporal decay probability pmin is set to 0.7, the average elapsed time
Tmean between adjacent cameras is shown in Tab. 1.

4.4. Quantitative and Qualitative Evaluation
4.4.1

Quantitative Results

Based on the method described in Sec. 3, our team (TAG)
tested scenario 6 in the CityFlowV2 dataset, the generated
results can get an IDF1 score of 0.8371, which ranked the
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Camera Pairs

(041, 042)

(042, 043)

(043, 044)

(044, 045)

(045, 046)

Average Elapsed Time (s)

82

32

57

33

50

Table 1. The average elapsed time of different adjacent camera pairs

Figure 6. Top: visualization of multi-vehicle tracking across cameras, the first row is the results of ID 63 and the second is ID 13; Bottom:
projection of the above two vehicle tracking results on GIS map.

3rd place on the public leaderboard. The overall results of
the leaderboard are shown in Tab. 2.

the GIS map using matrix transformation. With such tools,
traffic flow analysis and road labeling can be more easily
performed.

4.4.2

4.5. Ablation Study

Qualitative Results

In order to illustrate the effect of vehicle tracking more intuitively, we show the tracking positions of vehicles 13 and
63 at different times in Fig. 6. It can be seen that even when
the vehicle 13 appears in the field of view with a tiny target,
it can be well matched and tracked. Meanwhile, it gives the
results of projecting the trajectories of both vehicles onto

To analyze the influence of different datasets on the
ReID model, comparative experiments are conducted on the
dataset of AIC21-T2 and AIC22-T1. As shown in Tab. 3,
the performance of the model trained on AIC21-T2 is better. Through visualization, we found that the reason why
AIC22-T1 performs not well is the lack of data diversity.
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Rank

Team ID

Team Name

IDF1 Score

1
2
3
4
5
6
7
8
9
10

28
59
37
50
70
36
10
118
110
94

matcher
BOE
TAG
FraunhoferlOSB
appolo
Li-Chen-Yi
Terminus-AI
FourBeauties
Orange Peel
SKKU Automation Lab

0.8486
0.8437
0.8371
0.8348
0.8251
0.8218
0.8171
0.8166
0.8140
0.8129

Table 2. The public leaderboard of track 1, our team takes the third
place.

backbone
∗

ResNeXt101-IBN-a
ResNeXt101-IBN-a

IDF1

IDP

IDR

0.7813
0.7851

0.8498
0.8481

0.7230
0.7309

Table 3. ResNeXt101-IBN-a∗ is trained on AIC22-T1 and
ResNeXt101-IBN-a is trained on AIC21-T2.
Module

IDF1

IDP

IDR

Precision

Recall

baseline
+Zone-Gate
+Time Based Decay
+ByteTrack
+ReID-ByteTrack
+Post-Processing

0.8057
0.8095
0.8151
0.8235
0.8344
0.8371

0.8480
0.8710
0.8893
0.8827
0.9008
0.8878

0.7675
0.7561
0.7523
0.7718
0.7771
0.7918

0.8903
0.8979
0.9179
0.9024
0.9193
0.9046

0.8059
0.7794
0.7765
0.7848
0.7898
0.8069

Table 4. Ablation experiments on each incremental module.

One vehicle instance in AIC22-T1 has fewer views than
that in AIC21-T2. Therefore, we adopt the model trained
on AIC21-T2 as the ReID feature extractor.
Tab. 4 lists the ablation experiment results about adding
different modules. Among them, the baseline represents
solutions proposed by Liu et al. [14]. It can be seen that
the zone-gate mechanism based on the bi-directional main
road division and the time-decay matching probability adjustment further improve the IDP score. It is mainly due
to the constraints of the spatial-temporal information on the
original appearance matrix, which reduce the search space
and the matching difficulty. Meanwhile, the introduction
of the optimized ByteTrack framework can mine the useful information of the low-confidence boxes and promote
the tracking performance; the last post-processing module
greatly improves IDR score by linking interrupted trajectories, although it causes a decrease in IDP.

5. Conclusion
In this paper, we realize a complete MCMVT tracking
scheme, including detection, ReID, single-camera tracking

and multi-camera matching. In particular, to further enhance the tracking performance, we propose more advanced
solutions and strategies. First, we design a cascaded tracking method to relieve the problem of true targets detection
and tracking missing and improve the identification recall.
Secondly, the zone-gate and time-decay based mechanism
is proposed to optimize the matching space, ensuring a high
identification precision. Finally, we use trajectory interpolation as the post-processing unit to keep tracked trajectories
coherent, and achieve an IDF1 score of 0.8371 in the track
1, which ranked the 3rd place on the public leaderboard.
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