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Abstract

The capability of tracking objects in low-light environ-
ments like nighttime is crucial for numerous real-world
applications. However, previous Multi-Camera Multi-
Target(MCMT) tracking methods are primarily focused on
tracking during daytime with favorable lighting, overlook-
ing the challenge posed by low-light conditions. The main
difficulty of tracking under low-light condition is the lack
of detailed visible appearance features. To address this
issue, we incorporate the infrared modality into MCMT
tracking framework to provide more useful information. We
constructed the first Multi-modality (RGBT) Multi-camera
Multi-target tracking dataset named M3Track, which con-
tains sequences captured in low-light environments, lay-
ing a solid foundation for all-day multi-camera tracking.
Based on the proposed dataset, we propose All-Day Multi-
Camera Multi-Target tracking network, termed as ADM-
CMT. Specifically, we propose an All-Day Mamba Fu-
sion(ADMF) module to fuse information from different
modalities adaptively. Within ADMF, the Lighting Guid-
ance Model(LGM) extracts lighting relevant information to
guide the fusion process. Furthermore, the Nearby Tar-
get Collection(NTC) strategy is designed to enhance track-
ing accuracy by leveraging information derived from sur-
rounding objects of targets. Experiments conducted on
M3Track demonstrate that ADMCMT exhibits strong gen-
eralization across different lighting conditions. The code
will be released at https://github.com/QTRACKY/
ADMCMT.

1. Introduction
Multi-Camera Multi-Target (MCMT)[21, 22] tracking aims
to locate and associate the same targets between different
frames and camera views with substantial overlaps. Com-
pared with single-camera tracking, using multiple cameras
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Figure 1. All-day tracking is dedicated to achieving robust track-
ing at any time of a day. Our approach to achieve all-day MCMT
tracking is introducing infrared modality to MCMT framework,
employing the complementary nature of infrared and visible light
information to empower tracker with capability of tracking objects
under different lighting conditions.

to track the same target can effectively address the occlu-
sion problem and improve tracking consistency. MCMT
tracking has significant implications for a number of ar-
eas, including urban reconnaissance[20], crowd behavior
analysis[28], and traffic scene understanding[32].

Previous MCMT tracking methods[3, 12, 29, 30] fo-
cused primarily on tracking at daytime with favorable light-
ing, overlooking the challenge posed by low-light (night-
time) conditions, which is inevitable in those aforemen-
tioned applications. A main limitation that obstructs pre-
vious MCMT methods to perform low-light tracking is the
lack of detailed visible features. Inspired by multi-modality
single-camera tracking methods[2, 14, 34, 48, 50], we in-
corporate infrared modality into MCMT tracking frame-
work to introduce more detailed information, as the in-
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Figure 2. Example of the M3Track. M3Track is composed of well-aligned RGB and infrared sequences captured in different times of a
day. From left to right: noon, afternoon, night.

frared modality is hardly affected by lighting conditions. As
shown in Fig.1, our core idea is using visible light (RGB)
and infrared (Thermal) information as complementary to
promote tracking performance under low-light condition, so
as to realize all-day tracking.

To address the limitation of existing MCMT datasets[8,
39], we constructed a high-quality Multi-modality (RGBT)
Multi-camera Multi-target dataset, named M3Track. As
shown in Fig 2, the proposed M3Track consists of well
aligned RGB and infrared sequences captured at different
times of a day and various weather conditions. To the
best of our knowledge, our M3Track is the first MCMT
tracking dataset that incorporates both infrared modality
and low-light sequences. Furthermore, we present All-
Day Multi-camera Multi-target tracking network termed as
ADMCMT, which can jointly perform modality fusion, tar-
get detection, and target tracking at any time of a day.
Specifically, we propose a modality fusion module based
on mamba[10], named All-Day Mamba Fusion (ADMF).
Within the ADMF, the Lighting Guidance Model (LGM)
is used to extract lighting relevant information from visi-
ble light input, then the extracted lighting relevant infor-
mation is sent into mamba-based fusion channels to guide
the fusion of visible and infrared features. After that, the
fused feature is sent to CenterNet[6] for detection and a
transformer-based network for tracking. During the track-
ing stage, we employ the Nearby Target Collection strategy
(NTC) that leverages information from surrounding objects
of target to enhance both single-camera and multi-camera
tracking capabilities of our model. Experiments demon-
strate that ADMCMT exhibits strong generalization capa-
bilities under different lighting conditions.

Our main contributions are summarized as follows:

• We construct the first Multi-modality (RGBT) Multi-
camera Multi-target tracking dataset, named M3Track. It

contains sequences captured at different times of a day,
laying a solid foundation for all-day MCMT tracking.

• We propose an All-Day Multi-Camera Multi-Target
tracking network, termed as ADMCMT, which can adap-
tively fuse features from different modalities.

• We propose an All-Day Mamba Fusion module which use
lighting relevant information to guide feature fusion and
a Nearby Target Collection strategy to better utilize back-
ground information of targets.

2. Related Work
2.1. MCMT Tracking

Multi-camera multi-target [21, 22] tracking aims to locate
and associate targets between frames and cameras with
substantial overlaps. Current MCMT tracking methods
[3, 12, 13, 29, 31, 39, 40] can be broadly classified into
two categories. One approach is to calculate the transfor-
mation matrix between images captured by different cam-
eras through point-matching methods. The transformation
matrix enables the matching of targets across images. MIA-
Net [26] employs SIFT to perform point-matching, enhanc-
ing the efficiency of tracking small targets with limited vis-
ible features. The main limitation of this type of method
is its reliance on similarity between the images, which can
degrade performance when there are substantial angular dif-
ferences between camera viewpoints.

Another approach focuses on matching the appearance
features of targets. CrossMOT[11] introduces both single-
camera Re-ID embeddings and cross-camera Re-ID em-
beddings to match features between frames and cameras.
GMT[7] constructs features with target appearance and con-
textual information such as location and time. Features are
then used to generate global correlation via a transformer-
based model in one-stage manner. Both the point-matching
method and target matching method rely on visible infor-
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Figure 3. M3Track is collected in diverse scenes under various lighting conditions. (a) represents the proportion of frames for each scene.
(b) shows the number and average area of targets each scene, illustrate that M3Track has a high diversity in target dense and size.

Dataset Scenes Views Frames Boxes Moving camera Low-light UAV view Multimodality

EPFL 5 4 97K 625K × × × ×
CAMPUS 4 4 83K 490K × × × ×
MvMHAT 1 4 31K 208K ✓ × × ×

WILDTRACK 1 7 3K 40K × × × ×
DIVOTrack 10 3 54K 560K ✓ × one ×

M3Track 19 2 118K×2 1188K ✓ ✓ two ✓

Table 1. Comparison with previous MCMT datasets. M3Track significantly surpassing previous datasets in both scene diversity and
volume.

mation, this dependency may seriously affect the tracking
performance under low-light conditions.

2.2. Tracking under low-light condition

Tracking objects in low-light scenes poses a significant
challenge owing to the absence of detailed visible features.
Approaches to uncover more information in visible light im-
ages such as low-light enhancement and domain transfer[5]
have been largely explored. LTrack [36] achieves low-
light tracking by extracting invariant features from low-light
videos utilizing the adaptive low-pass downsample module
and the degradation suppression learning strategy. LDEn-
hancer [42] learns light distribution information to suppress
image enhancement and refine image content.

Using extra modalities such as event[45], depth[41],
and thermal[35] gives a more direct approach for track-
ing objects at nighttime by introducing more information.
Many multi-modality tracking datasets with low-light se-
quences have been established[15–19, 47] and played key
roles in the generalization of single-target tracking. Meth-
ods with low-light tracking ability have also been widely
researched on the basis of the rich dataset. BAT[2] uses
bi-directional adapter to fuse multi-modality information in
an adaptive manner. CMD[48] utilizes a three-stage frame-

work to bridge the performance gap between a compact stu-
dent RGBT tracking model and a powerful teacher model.

2.3. RGBT Fusion

Infrared and visible light (RGB) data can serve as comple-
mentary to provide more useful information, which is es-
sential for a range of downstream tasks, including target
detection and tracking. The current methods of modality
fusion can be broadly categorized into three types: pixel-
level fusion[4], feature-level[2, 24, 27, 38, 46, 51] fu-
sion and decision-level fusion[33]. Pixel-level fusion pre-
served more detailed information of the input images, but
at the cost of high computational complexity. Feature-
level fusion fuses features of detected targets, and yields an
optimal equilibrium between performance and efficiency.
Decision-level fusion processes different modality sepa-
rately and only fuse the final decision, has high require-
ments for single modal algorithms. Recently, Mamba has
been shown to outperform the transformer in long-term de-
pendency modeling tasks owing to its selective structured
state space and has shown competitive results in computer
vision tasks. In the field of RGBT fusion, methods based
on the Mamba approach[23] are also being actively applied
and have shown remarkable performance.
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Figure 4. The ADMCMT model first utilizes All-Day Mamba Fusion to fuse infrared and visible light feature under the guidance of lighting
relevant information. Fused feature is used for target detection. After obtaining the detection result, Nearby Target Collection is used to
help build Re-ID features of targets. Finally, Re-ID features are sent into a transformer based tracking model to obtain the tracking result.

3. M3Track Dataset
3.1. Previous MCMT Datasets

Existing MTMC tracking datasets with overlapping fields of
view include: EPFL[8], CAMPUS[39], WILDTRACK[9],
MvMHAT[9] and DIVOTrack[11]. Each of these datasets
suffers from issues like lack of scene diversity and vary-
ing annotation quality. Moreover, all of these datasets are
collected at daytime with acceptable lighting, which poses
tremendous challenges in conducting MCMT tracking re-
search under low-light conditions.

To address the limitations and enrich the diversity of
MCMT datasets, we constructed the first multi-modality
MTMC dataset with low-light sequences, named M3Track,
which includes aligned RGB and infrared videos collected
at different times of a day and in different weather. We hope
data with diverse lighting conditions will promote visible
light tracking, meanwhile RGB and infrared modalities can
serve as complementarity to empower the model with the
ability to track under low-light condition, thereby achiev-
ing all-day tracking. Comparison with previous MCMT
datasets in Table 1 shows that M3Track surpasses previous
datasets by nearly two times in terms of frame number, tar-
get number, and scenes. It is also noteworthy that previous
RGBT tracking datasets are primarily built for single-object
tracking, and our M3Track could also serve as a valuable
single-camera multi-object RGBT tracking dataset.

3.2. Data Collection

The proposed M3Track dataset was collected with two
drones, each equipped with both an RGB camera and an in-
frared camera. The drones were moving irregularly while
recording. We collected 88 sequences across 19 distinct
real-world scenarios with diverse surrounding environments

and varying target densities, as illustrated in Fig. 3. To ob-
tain diverse lighting conditions, we also collected the data
under various weather conditions and different times of a
day. These aforementioned efforts ensure that our dataset
has sufficient diversity.

After recording, we manually aligned the timestamps
and the spatial relationships between the RGB and infrared
cameras on each drone. Due to the difference in FOV and
resolution between RGB and infrared cameras, we cropped
and down-sampled all images to the resolution of 640×512
for better alignment. The dataset is split by approximately
1:1 as the train set and the test set. Previous MCMT tracking
datasets usually split one sequence into two for training and
testing. However, this approach may result in correlation
between the training and testing data, thereby affecting the
reliability of test results. To address this issue, the test set
of M3Track comprises novel scenes that are not present in
the train set, along with scenes that are included in the train
set but have distinct targets and varying target densities.

3.3. Data Annotation

M3Track dataset is annotated based on single-modality, we
use RGB video as the reference for sequences recorded un-
der preferable lighting conditions, and infrared video for se-
quences recorded under low-light conditions. The annota-
tion process of M3Track involves two primary steps. First,
we labeled all targets from different views at a given time t
and assigned a unique ID to each target in the overlapping
fields of view of the two cameras. After that, we use the
semi-automatic object tracking software DarkLabel to label
the targets with the same ID across consecutive frames. The
above steps were repeated until all targets in the video are
labeled and assigned IDs. The annotation results are care-
fully checked and adjusted for better accuracy.
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4. Method
4.1. Overview

The overall architecture of ADMCMT is illustrated in Fig.
4. The input of ADMCMT consists of visible and infrared
image pairs of each view V n

t = {Iirt , Ivit } at time t, n rep-
resents the nth view. Given the input images, we extract
inter-modality features F ir

t and F vi
t and fuse them through

All-Day Mamba Fusion module. The fused feature is then
used as the input of the target detector. After acquiring the
detection results, the Nearby Target Collection strategy is
utilized to find surrounding objects for each target. For the
ith target, we use different Re-ID decoder to extract target
feature Fi and nearby target features Fn. Fi and Fn are
concatenated to get the final target feature F i

t . The set of
features in frame t and t − 1 are sent into a single-stage
MCMT tracker to obtain the tracking result.

4.2. All-Day Mamba Fusion

The richness of information contained in different modali-
ties varies under different lighting conditions. RGB images
usually contain more detailed appearance feature than in-
frared images (e.g color) under preferable lighting condi-
tion, while the reverse is true under low-light condition. To
more effectively fuse multi-modality information, we pro-
posed All-Day Mamba Fusion (ADMF) model which uses
lighting relevant information to guide the fusion progress.
The overall architecture of ADMF is illustrated in Fig. 5.
Lighting relevant information.We divided sequences in
M3Track into two categories according to their lighting
conditions:{Daytime (optimal lighting), Nighttime (poor
lighting)}. We send the feature map extracted by the first
layer of the visible backbone[44] to the Lighting Guidance
Module (LGM), which comprises a stack of four convolu-
tion layers and an MLP head to predict the lighting cate-
gory. The lighting category prediction is constrained by the
cross-entropy loss function, which is defined as follows:

Llight = − 1

N

N∑
i=1

(yi log(ŷi) + (1− yi) log(1− ŷi)) (1)

where N = 2, yi is the ground truth for sample i, and ŷi is
the predicted probability. We process the feature extracted
by the first convolution layer of LGM with another convo-
lution layer to obtain F light

t . Since the features in LGM are
used to predict the lighting category, F light

t should contain
information related to lighting condition, thus reflecting the
quality of features in RGB image.
Feature fusion. With visible feature F vi

t and infrared fea-
ture F ir

t as input, we first fuse them with pixel-level av-
eraging to obtain an initial cross-modality feature F fuse

t .
Considering that visible light information is more easily af-
fected by lighting conditions, we add F light

t acquired from

Figure 5. The All-Day Mamba Fusion module consists of the VI,
IR, LI channels, and the Lighting Guidance Module(LGM). LGM
extracts lighting relevant information F light

t from visible feature
F vi
t to guide the fusion process.

LGM to F vi
t . Since F light

t contains information that re-
flects the quality of features in RGB images, this integra-
tion could adjust the weight of information in F vi

t at pixel
level. These aforementioned features are further processed
by different channels respectively. The VI (F vi

t ), IR (F ir
t ),

and LI (F light
t ) channel consist of layer normalization op-

eration and the MCS block, while the FU (F fuse
t ) channel

is a complete VSS block[25]. The outputs of the VI and
IR channels are adjusted by the gating factor derived from
the FU channel. Subsequently, all processed features are
added and aggregated with an MLP layer. In this process,
the lighting relevant information from LI plays a guiding
role by indicating the quality of visible information in each
pixel. After that, F fuse

t is added to the aggregated feature
as residual to obtain the final fusion result.

4.3. Object Detection

We utilize the CenterNet[6] as detector in ADMCMT. Cen-
terNet takes the feature maps derived from ADMF as in-
put and directly predicts the score map of the center of the
object, as well as regressing on the size and offset of the
object. This approach offers a streamlined and precise so-
lution, making it particularly well-suited to tracking tasks.
The location information of the target to be tracked is ob-
tained following the utilization of the CenterNet, which in
turn facilitates the extraction of features of the target. The
loss function of the target detection model is as follows:

Ldet = Lheatmap + λsizeLsize + λoffLoff (2)

where λsize = 0.1, λoff = 1.0, Lheatmap denotes the
heatmap centroid loss, Loff denotes the centroid offset loss,
and Lsize denotes the target aspect loss.
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Figure 6. Surrounding objects of target have a high consistency
between different views and could be used to improve tracking
performance.

4.4. Nearby Targets Collection

Utilizing background information of targets makes a crucial
advancement for single-camera tracking[1] by providing the
model with the location of the target. However, when it
comes to multi-camera tracking, backgrounds of the same
target captured by different cameras always have significant
difference due to varying shooting angles, as shown in Fig.
6. Following the idea of utilizing background information,
we notice that objects near the same target have a high de-
gree of consistency between different cameras. Thus, we
develop a Nearby Targets Collection(NTC) strategy to col-
lect information about objects that are close to the target.

After obtaining object detection results in the current
frame from all cameras, for the ith target Ti, we expand
its bboxes by two times. If there is overlap between the ex-
pended bbox and the bbox of another target Tj , we define
Tj as a nearby target of Ti. Problem still occurs that ob-
jects in one view seem close to each other but are actually
far away. To avoid this, we designed a simple area restric-
tion. Specifically, the area of the current target is S, other
objects with an area less than 0.6S will not be considered as
nearby targets. The ith target feature is denoted by Fi and
the nearby target are denoted by Fn. Feature dim of each
Fn is set to 32 and concatenated with Fi to obtain the final
Re-ID feature of target F i

t .

4.5. Target tracking

We use GMT[7] as tracker in ADMCMT. GMT is a strong
transformer based MCMT tracker which can jointly con-
duct single-camera and cross-camera tracking. GMT takes
the set of all target features in two consecutive frames Ft

and Ft−1 as input, output matrix M , where Mij denotes the
similarity score between the ith target in Ft and the jth tar-
get in Ft−1. Mi0 = 0 indicates target i in frame t is not
associated with any trajectory in frame t and is therefore

designated as pi ∼ p0. For Mi0 ̸= 0 and j > 0, the highest
Mij in row i indicates target i belongs to the trajectory j in
frame t − 1, denoted as pi ∼ pj . The association loss for
GMT is as follows:

Xij =

{
1 if pi ∼ pj
0 otherwise (3)

Lassi = − 1

N

T∑
t=1

N∑
i=1

N∑
j=1

Xij log(Mij) (4)

The loss of ADMCMT is the weighted sum of the losses
of the LGM, the target detection module, and the target
tracking module.

LTrack = λlightLlight + λdetLdet + λassiLassi (5)

where λlight = 0.1, λdet = 2, and λlight = 5. Since Llight
converges most easily , we assign it a minimal weight.

5. Experiments
5.1. Implementation Details

The ADMCMT employs DLA-34 to extract image features
and Centernet as the target detector. The model is trained on
M3Track with a batch size of 40 (5 frames consist of 2 cam-
era views and 2 modalities) for a total of 20,000 iterations
using 4 NVIDIA RTX A6000 GPUs. We utilized Adam
optimizer with a learning rate of 10−4. For nearby target
collection, the current target is represented by a feature vec-
tor of dimension 1024, while each nearby target is repre-
sented by a feature vector of dimension 32. The inference
is conducted on a single NVIDIA A6000 GPU. The confi-
dent threshold of the target detector has been set at 0.525
during inference. Which is the same as the previous works.

5.2. Evaluation Metrics

We evaluate the performance of ADMCMT on both single-
camera and multi-camera metrics. We use MOTA, HOTA,
IDF1, DetA, and MOTP as evaluation metrics for single-
camera tracking and using Multi-Device target Association
score (MDA)[26], Cross-View IDF1 (CVIDF1)[11], and
Cross-View Matching Accuracy (CVMA) [11] to evaluate
cross-camera tracking. MDA evaluates whether a tracker
can accurately assign the same ID to the same target across
different cameras and is defined as:

MDA = 1
C2

N∗F

N−1∑
j=1

N∑
k=j+1

F∑
i=1

×
(

TA(jk,i)

GA(jk,i)+FA(jk,i)+MA(jk,i)

) (6)

C2
N =

N !

(N − 2)!× 2!
(7)
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Single camera tracking metrics Multi-camera tracking metrics

Method MOTA↑ HOTA↑ IDF1↑ DetA↑ MOTP↑ MDA↑ CVIDF1↑ CVMA↑

All

OSNet[49] 68.03 50.33 61.60 55.71 75.78 0.2756 48.50 28.60
CrossMOT[11] 65.30 44.84 59.91 48.62 75.54 0.2019 51.21 38.51

CT[37] 68.21 50.38 61.17 55.89 75.80 0.4340 53.65 44.71
MvMHAT[9] 66.39 48.60 58.96 54.99 75.77 0.2178 46.64 26.72

AGW[43] 67.62 50.44 62.02 55.54 71.54 0.4235 54.81 45.02
Ours 70.94 56.62 71.47 57.89 77.21 0.6169 68.77 61.81

Night

OSNet 66.43 49.95 63.25 54.29 75.86 0.2318 48.39 23.43
CrossMOT 53.94 42.00 58.62 40.43 71.83 0.1425 49.45 35.84

CT 66.83 51.04 65.33 54.44 75.88 0.2524 49.25 27.85
MvMHAT 63.23 48.82 61.03 53.03 75.95 0.2079 46.06 24.36

AGW 66.43 49.95 63.25 54.29 75.86 0.2318 48.39 23.43
Ours 69.71 51.19 66.02 56.40 76.50 0.4966 58.05 47.15

Table 2. Comparison with previous SOTA MCMT trackers on M3Track. All presents results on full dataset and Night result presents
results on nighttime scenes. The best results and the second best results are in are shown in red and blue.

Single camera tracking metrics Multi-camera tracking metrics

V I FU VI+IR LGM LI MOTA HOTA IDF1 DetA MOTP MDA CVIDF1 CVMA

✓ 58.98 51.84 65.25 50.24 76.92 0.6170 62.58 53.28
✓ 55.67 51.56 64.84 49.82 76.97 0.5132 61.63 48.01

✓ ✓ ✓ 68.23 53.94 67.87 56.96 76.41 0.5717 63.93 57.22
✓ ✓ ✓ ✓ 68.62 54.05 68.40 56.37 76.32 0.5728 64.15 57.34
✓ ✓ ✓ ✓ ✓ 69.16 54.76 69.06 57.01 77.15 0.5768 66.50 58.48
✓ ✓ ✓ ✓ ✓ ✓ 70.47 56.29 70.62 57.06 77.48 0.5866 67.09 61.02

Table 3. Ablation study on different channels and LGM in ADMF. V presents visible light input and I presents infrared input. The best
results and the second best results are in are shown in red and blue.

Where i denotes the i-th frame, j and k represent different
capture devices. TA(jk,i) and FA(jk,i) represent the number
of pairs for which the MCMT tracker correctly and failed to
associate a target ID, respectively. GA(jk,i) represents the
number of pairs for which the ground truth associates a tar-
get ID. MA(jk,i) counts MCMT tracker’s false associations
that are valid in the ground truth.

CVIDF1 is a cross-view version of IDF1 and is defines
as:

CV IDF1 =
2× CV IDP × CV IDR

CV IDP + CV IDR
(8)

Where CVIDP and CVIDR represent the Cross-View ID
Precision and Cross-View ID Recall, respectively.

CVMA is a cross-view version of MOTA and is defines
as:

CVMA = 1−

∑
t
(mt + fpt + 2mmet)∑

t
gt

(9)

Where mt and gt represent the missed detections at time t
and the total true targets from all perspectives at that time,

respectively. fpt and mmet are the counts of false positives
and wrong matching pairs, respectively.

5.3. Comparisons With State-of-The-Art Methods

To demonstrate the effectiveness of our proposed ADM-
CMT, we conducted experiments on M3Track against other
SOTA MCMT trackers. Previous MCMT methods are all
designed for single-modality tracking. For a fair compari-
son, we extract the multi-modality fusion results acquired
from our ADMF model and use them as inputs to train
other models. Moreover, we shared the detection results of
our ADMCMT with other SOTA models. The result met-
rics are presented in Table. 2 . For single-camera track-
ing, our model achieved a performance of 70.94 MOTA
and 71.47 IDF1, outperforming the second best model by
2.73 MOTA and 9.45 IDF1. For multi-view tracking, our
model achieved 61.81 CVMA and 68.77 CVIDF1, reported
a huge improvement of 16.79 CVMA, and 13.96 CVIDF1.
We also conducted experiment on night scenes in M3Track,
our model outperforms the second best model by 2.88
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Single camera tracking metrics Multi-camera tracking metrics

LGM LI MOTA↑ HOTA↑ IDF1↑ DetA↑ MOTP↑ MDA↑ CVIDF1↑ CVMA↑

Day
69.55 55.47 69.78 57.11 76.54 0.5848 67.62 63.00

✓ 70.38 56.51 70.79 57.99 77.37 0.5934 68.34 63.82
✓ ✓ 71.75 58.44 72.92 59.06 77.82 0.6342 70.63 66.59

Night
66.01 50.03 64.61 54.55 76.58 0.3930 54.30 43.01

✓ 66.46 50.21 64.84 54.50 75.76 0.4362 57.27 47.27
✓ ✓ 67.16 50.43 64.70 55.14 76.59 0.4436 58.52 47.04

Table 4. Ablation study on and LGM and LI channel. Day presents results on daytime sequences and N presents results on nighttime
scenes. The best results are shown in red.

Num MOTA↑ IDF1↑ CVIDF1↑ CVMA↑
0 70.47 70.62 67.09 61.02
1 70.65 70.67 67.86 61.16
2 69.82 69.63 66.22 59.32
3 69.23 69.31 51.46 57.17

Table 5. Ablation study on number of nearby targets. ADMCMT
achieves best performance with 1 nearby target.

Area(S) MOTA↑ IDF1↑ CVIDF1↑ CVMA↑
0.4 70.63 71.28 68.74 61.63
0.5 70.61 70.77 68.21 61.52
0.6 70.94 71.47 68.77 61.81
0.7 70.51 71.26 67.91 60.73
0.8 70.71 71.01 68.01 61.38

Table 6. Ablation study on area threshold. ADMCMT achieves
best performance with area threshold of 0.6.

MOTA,0.69 IDF1, 8.6 CVIDF1 and 11.31 CVMA, exhibit-
ing strong generalization across different lighting condi-
tions.

5.4. Ablation Study

All-Day Mamba Fusion. The Ablation results of ADMF
are shown in Table. 3. We first use single visible light and
infrared modality as input to construct baseline. To verify
the effectiveness of the proposed ADMF, we fuse RGB and
infrared modality in a simple point-wise average manner
and process the fused feature with FU, observe MOTA and
DetA improvement and MDA, MOTP deterioration. The
reason for this result may be that the simple fusion method
introduces useless information. After adding IR and VI
channels to the network, we obtain better performance than
the simple point average fuse. The introduction of LGM
led to comprehensive improvement. Overall results prove
the effectiveness of ADMF and its internal units.

We also conduct a detailed analysis of the experimen-
tal results under different lighting conditions. Results in
Table. 4 indicates adding LGM and LI channels improves
the tracking performance under low-light conditions (night)
while maintaining reliability during the day, demonstrat-
ing that the LGM and LI channels meet our expectations
to adaptively fuse information from different modalities.
Nearby Target Collection. We conduct experiments to ex-
plore the effect of nearby target number and area threshold
in NTC. Ablation results of nearby target number are shown
in Table. 5 tells that ADMCMT achieve the best perfor-
mance on M3Track with 1 nearby targets. We also conduct
ablation on area threshold with one nearby target, results are
shown in Table. 6. We consider the best targets number and
area threshold depending on the camera pitching angle and
object density. Specifically, scenes with dense objects and
small camera pitching angle require more targets to contain
useful information and lower thresholds to avoid distractors.

6. Conclusion
In this work, we implement all-day MCMT tracking by
introducing the infrared modality. We have constructed
the first Multi-modality (RGBT) MCMT tracking dataset,
named M3Track, laying a solid foundation for all-day
MCMT tracking. Based on the M3Track dataset, we present
the All-Day Multi-Camera Multi-Target tracking network,
termed as ADMCMT. We designed an All-Day Mamba Fu-
sion model to adaptively fuse information from different
modalities under the guidance of lighting-relevant informa-
tion. Furthermore, we introduce the Nearby Target Col-
lection strategy, which promotes tracking performance by
effectively utilizing background information. Experiments
demonstrate that ADMCMT exhibits strong generalization
capabilities across different lighting conditions.
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