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Abstract. Multi-modal crowd counting involves estimating crowd den-
sity from both visual and thermal/depth images. This task is challeng-
ing due to the significant gap between these distinct modalities. In this
paper, we propose a novel approach by introducing an auxiliary broker
modality and on this basis frame the task as a triple-modal learning prob-
lem. We devise a fusion-based method to generate this broker modality,
leveraging a non-diffusion, lightweight counterpart of modern denoising
diffusion-based fusion models. Additionally, we identify and address the
ghosting effect caused by direct cross-modal image fusion in multi-modal
crowd counting. Through extensive experimental evaluations on popu-
lar multi-modal crowd counting datasets, we demonstrate the effective-
ness of our method, which introduces only 4 million additional param-
eters, yet achieves promising results. The code is available at https:
//github.com/HenryCilence/Broker-Modality-Crowd-Counting.

Keywords: Multi-modal crowd counting · Intermediate modality · Modal-
ity fusion · Diffusion model

1 Introduction

Multi-modal crowd counting [17, 24, 39] is a challenging task which integrates
information from various sources to provide a comprehensive understanding of
complex crowds leveraging the complementary and commonality nature of di-
verse modalities. However, there are two major challenges bringing difficulty for
feature interaction and fusion. On the one hand, since vision and thermal
images capture reflectance information in different bands of the spectrum, they
look naturally different. Vision images excel at capturing color and texture infor-
mation of visible light while thermal images are adept at containing information
from invisible electromagnetic radiation. Therefore, vision images contain hardly
any human figures under poor illumination conditions, while thermal images can
clearly reflect the outline of each person under such conditions. Moreover, heat-
ing negative objects look almost the same in thermal images but can be easily
⋆ Corresponding author.
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Fig. 1: Illustration of the framework of our method. By leveraging the Broker Modal
Generator (BMG) to introduce an auxiliary broker modality, we frame the dual-modal
visual-thermal crowd counting task as a triple-modal learning problem.

distinguished in vision images. On the other hand, RGB and thermal im-
ages are not strictly aligned in position due to the difference in shooting angle.
Directly fusing the two modalities causes a serious ghosting effect. The misalign-
ment of RGB-thermal image pairs may lead to inaccuracy during the counting
process, since ghosting may cause people to be counted twice. Therefore, sim-
ply extracting and fusing features of these two modalities during cross-modal
learning may not perform well.

In order to solve these challenges, researchers have proceeded with abundant
cross-modal feature interactions through the counting model. For example, Liu
et al . [24] propose a modality-shared branch to fully capture the shared informa-
tion of different modalities. Pan et al . [36] feed thermal features to RGB image
features to complete feature interaction. Liu et al . [29] utilize a learnable count
token to interact and fuse two-modal information at the scale level. However,
all such methods directly perform feature interactions between the two original
modalities and fail to achieve satisfactory performance. In contrast, we introduce
an intermediate auxiliary modality to assist cross-modal learning.

Motivated by the analysis above, this paper presents a novel multi-modal
crowd-counting approach. The basic idea is to transform a learning task from two
modalities with a significant gap into a learning task involving three modalities
by introducing an intermediate auxiliary modality, as shown in Fig. 1. This
intermediate modality, which we term a ‘broker’ modal, serves to bridge and
align the features of the two original modalities for smoother, more coherent, and
effective fusion. While in the literature, methods for constructing intermediate
modalities based on contrast learning have been used in similar tasks such as
cross-modal person re-identification [11,47,59], it is evident that contrast learning
cannot be directly applied to regression tasks.

To bridge this gap and generate the intermediate broker modality, we pro-
pose leveraging image fusion techniques, as the resulting fused image integrates
information and characteristics from both modalities. The pivotal challenge lies
in selecting the most appropriate fusion approach [7, 51, 61]. Among the avail-
able methods, recent denoising diffusion model-based fusion methods such as [62]
stand out for their ability to preserve both structural and detailed information
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from the source images and achieve promising fusion results. However, these
methods inherently entail a large-scale and computationally demanding nature,
rendering them ine�cient for direct integration as a module within our frame-
work for generating intermediate modalities. To address this challenge, we intro-
duce the idea of constructing a non-di�usion, lightweight counterpart of the de-
noising di�usion-based fusion model through a distillation-then-�netuning strat-
egy. This model is initially built via a distillation process guided by denoising
di�usion fusion models, followed by �ne-tuning to tailor it to the crowd count-
ing task. It inherits the high fusion capability of the denoising di�usion model
while also addressing the low e�ciency in training and �ne-tuning associated
with the di�usion model. Remarkably, we discover that such a lightweight non-
di�usion model can accurately fuse the two modalities like a denoising di�usion
model while being e�ciently trained. Moreover, we identify the ghosting e�ect
caused by directly fusing the two modalities and demonstrate that the designed
distillation-then-�netuning learning scheme of our framework alleviates this phe-
nomenon. We conduct comprehensive experiments on the popular multi-modal
crowd counting benchmarks. Extensive experimental results demonstrate that
our proposed approach signi�cantly improves the counting performance.

The main contributions can be further summarized as follows:

� We introduce an intermediate auxiliary modality and frame the dual-modal
visual-thermal crowd counting task as a triple-modal learning problem.

� We carefully design a broker modal generator, as a non-di�usion, lightweight
counterpart of the denoising di�usion-based fusion model.

� We provide an in-depth analysis of the ghosting e�ect caused by directly fus-
ing the two modalities and provide a solution to alleviate this phenomenon.

2 Related Work

2.1 Multi-modal Crowd Counting

With the development of deep learning technology, crowd counting has been
increasingly studied and has become a signi�cant computer vision task. There
are three main technical routes among popular crowd counting methods: based
on detection [22,23,42,45], based on regression [27,53] and based on density map
[20,21,25,26,31,32]. Up to now, crowd counting methods for single modality have
been well-studied. Researchers have made great achievements in ameliorating
model structure [19,21,32] and loss function [18,31,33].

In recent years, with the development of multi-modal learning in various
�elds [2, 15, 40, 54], multi-modal crowd counting [3, 13, 38, 48, 56] has received
widespread attention. Researchers use additional modalities such as thermal or
depth together with visual images to enhance the performance of crowd count-
ing methods. For example, Penget al. [39] propose a drone-based RGB-thermal
multi-modal crowd counting dataset covering various attributes and design a
multi-modal crowd counting network to learn cross-modal representation. Liuet
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al. [24] propose an RGB-thermal multi-modal crowd counting dataset contain-
ing complex environments and design a cross-modal collaborative representa-
tion learning framework to capture the complementary information of di�erent
modalities fully. Liu et al. [29] use count-guided multi-modal fusion and modal-
guided count enhancement to better excavate multi-modal information. Lian
et al. [17] collect a large-scale RGB-D crowd counting dataset and propose a
regression-guided detection network for simultaneously crowd counting and lo-
calization. Li et al. [13] propose a cross-modal cyclic attention fusion model
that integrates RGB and depth features in a cyclic attention manner to compre-
hensively model and fuse information from both modalities, which tackles the
negative e�ect of the arbitrary crowd distribution on the counting task.

Most previous approaches focus on extracting features from two modalities
and then interacting and fusing them to generate the density map. However, the
signi�cant gap between visible and infrared images brings di�culties to feature
interaction and fusion. In this paper, we introduce an auxiliary intermediate
modality to reduce the gap and participate in feature interaction and fusion.

2.2 Intermediate Modality in Infrared-Visible Cross-Modal Tasks

In various infrared-visible cross-modal tasks, one of the major challenges is the
modality discrepancy between visible and infrared images. Aiming to mitigate
the challenging modality discrepancy, quite a few recent approaches leverage
intermediate spaces to bridge vision and infrared modalities. They design an in-
termediate modality generator to siphon o� knowledge from visible and infrared
images and output the intermediate images to assist the cross-modal process.

Li et al. [11] �rst propose an X modality generated by a lightweight network
as an assistant to reduce modality discrepancy. Afterward, generators of various
structures have been designed. For example, Zhanget al. [59] propose a non-
linear middle modality generator to project vision and infrared images into a
uni�ed middle modality image space and generate middle-modality images. Ale-
hdaghi et al. [1] introduce an Adaptive Generation of Privileged Intermediate
Information to adapt and generate a virtual domain that bridges discriminant
information between vision and infrared modalities. Wang et al. [46] introduce
an image-level sub-network to unify the representations for images with di�erent
modalities. Recently, Zhaoet al. [60] propose an infrared and visible image fu-
sion method via meta-feature embedding for object detection, utilizing a fusion
modality to assist the cross-modal detection process.

However, most approaches generate intermediate modality through contrastive
learning and are designed for cross-modal person re-identi�cation. De�ning pos-
itive and negative pairs for contrastive learning in a dense regression task such
as crowd counting is not straightforward. Consequently, applying such a scheme
to cross-modal crowd counting is not feasible without signi�cant modi�cation.
This presents an opportunity for us to introduce a new intermediate modality.
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3 Method

3.1 Counting Framework

By introducing an auxiliary broker modality, we frame the dual-modal visual-
thermal crowd counting task as a triple-modal learning problem. As illustrated
in Fig. 1, our counting model consists of three parts: a broker modal gener-
ator (BMG), a feature extractor, and a regression head. The feature extrac-
tor is implemented by an architecture of `VGG-19 - Transformer encoder' and
is weight-sharing for all modalities. We �rst use BMG to generate the broker
modality F 2 R3� H � W , then feed it to the feature extractor along with two
source modalitiesR and T 2 R3� H � W .

F = g(R; T ) ; (1)

Fr = � v (� c (R)) ; Fb = � v (� c (F )) ; Ft = � v (� c (T)) ; (2)

where g denotes the broker modal generator,R and T denote RGB and
thermal images, and Fr ; Fb; Ft 2 RD � h� w are features from three modalities.
� c and � v denote VGG-19 and Transformer encoder in the feature extractor,
respectively.

Finally, we sum the features up and send the summation to the regression
head R to obtain a one-channel density mapD est 2 R1� h � w .

Considering the performance and robustness, we adopt the popular Bayesian
Loss [31] as the loss function to align discrete point annotations and the contin-
uous density map.

L c =
MX

i =1

j1 � h
N

�
zi ; � 212� 2

�

MP

n =1
N (zn ; � 212� 2)

; D est ij ; (3)

where M is the total crowd count of the image and zn is the n-th annotated
head point position in the image. h�; �i denotes the inner product operation.

3.2 Broker Modality Generator

We introduce an auxiliary broker modal to bridge RGB and thermal modali-
ties. Unlike most contrastive learning-based methods mentioned above [11, 59],
our auxiliary modal is constructed on multi-modal image fusion. We choose
DDFM [62], one state-of-the-art multi-modal image fusion method as the refer-
ence to construct our Broker Modal Generator (BMG). Nonetheless, the denois-
ing di�usion model usually su�ers from high computation costs in both training
and prediction, making it ine�cient to serve as a part of an end-to-end counting
mode. Moreover, it directly fuses original images without registration, causing
the ghosting e�ect in fusion images. To alleviate this issue in an end-to-end train-
ing and prediction multi-modal counting framework, we design a lightweight non-
di�usion generator BMG as its counterpart and suit it for the task. We design
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Fig. 2: The framework of our broker modal generator. Speci�cally, the generator con-
sists of a cross-modal contracting module and a modal fused decoding module for image
reconstruction, and a cross-modal attention module to enhance modality alignment.

a two-stage learning scheme for BMG, which consists of a distillation stage and
a �ne-tuning stage. In the following sections, we will elaborate on the structure
of the broker modality generator and its learning scheme.
The structure of BMG. As illustrated in Fig. 2, the generator consists of
three parts: A cross-modal contracting module (CMC), a modal fused decoding
module (MFD), and a cross-modal attention module (CMA). The cross-modal
contracting module f e and modal fused decoding modulef d are implemented by
U-Net [41] encoder and decoder, respectively, while the cross-modal attention
module is implemented by a 1-layer, 4-head cross-attention Transformer encoder.
Firstly, we use two 3 � 3 convolutional layers � r and � t to extract the feature of
RGB and thermal images. Then, we concatenate them together as the input of
CMC f e and obtain the encoding resultFe 2 Rd� h � w :

Fe = f e ([� r (R) ; � t (T)]) ; (4)

where [ � ; � ] denotes the channel concatenating operation.
Furthermore, we use cross-attention to enhance the encoding results of CMC.

We use convolutional layers to extract feature maps of two original modalities
and �atten them to a sequence of patch embeddingX r , X t 2 Rhw � d. We use
T modal embedding as Query(Q) and RGB modal embedding as Key(K) and
Value(V) for the multi-head cross-attention operation. Note that the residual
connection in cross-attention is contributed by the T modal.

X r = � (R) ; X t = � (T) ;

Q = X t Wq; K = X r Wk ; V = X r Wv ;

H = Att (Q; K; V ) + X t ;

Fh = FFN(H ) + H;

(5)
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Fig. 3: Illustration of the distillation-then-�netuning strategy. In the distillation stage,
BMG is initialized using a distillation process guided by DDFM. In the �ne-tuning
stage, BMG is tuned together with the feature extractor to suit the counting task.

where� is the convolutional layer in the cross-modal attention module,Wq,Wk ,Wv

are the projection weights for multi-head attention layer, FFN denotes the feed-
forward network in Transformer encoder, and

Att (Q; K; V ) = Softmax
�

QK T
p

d

�
V: (6)

Finally, we add the enhancement resultFh 2 Rd� h � w to the encoding result
Fe as the input of MFD and obtain the multi-modal fusion results F 2 R3� H � W :

F = f d (Fe + Fh ) : (7)

The distillation-then-�netuning learning scheme of BMG. The learning
process consists of a distillation stage and a �ne-tuning stage. During the distil-
lation stage, we pre-train BMG by distilling DDFM as its counterpart. During
the �ne-tuning stage, we tune BMG together with the feature extractor to better
suit the counting task and bridge two original modalities.

The distillation stage. Before counting, we �rst pre-train BMG using MSE
Loss in the �rst stage to enable it to acquire the infrared-visible fusion capability,
as shown in Fig. 3. We achieve this through distilling DDFM3 [62], one state-
of-the-art image fusion model. During the distillation stage, BMG approximates
the high fusion capability of DDFM with a much lower scale and e�ciency.

L dis =
KX

i =1

jjg (R; T ) � p(R; T )jj2
2 ; (8)

where p denotes DDFM, and K is the number of training samples.
The �ne-tuning stage. In the �ne-tuning stage, we generate the broker modal

by BMG and send it to the feature extractor together with the original modali-
ties, framing the dual-modal counting task as a triple-modal learning problem.

3 For the infrared-visible fusion task, the DDFM model retains both structural and
detailed information from the source images, meeting the visual �delity requirements
as well. Thus it is used to pre-train our broker modal generator based on its favorable
multi-modal fusion results.
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Fig. 4: Comparison of ghosting and non-ghosting intermediate images and the corre-
sponding density maps. (b) are the intermediate images generated by DDFM directly
and by our BMG, and (a) shows the comparison of the ghosting region in (b). (c) are
the corresponding density maps generated from the scenes in (b), and (d) shows the
di�erence of the density maps in the ghosting region.

We tune BMG together with the feature extractor during the counting process
to suit the counting task. During �ne-tuning, BMG acquires the capability to
bridge the two original modalities coherently and to alleviate the ghosting phe-
nomenon caused by space misalignment. The in�uence and e�ect of the two-stage
learning process are shown in Section 4.5.

3.3 Discussion on the ghosting e�ect.

As visual and thermal images are captured by two distinct sensors, there exists
an angular disparity or spatial displacement between them. Therefore, fusing
them directly using DDFM may lead to a ghosting e�ect 4 in the fusion image.
For instance, in the �rst line of Fig. 4(a), two overlapping �gures for one person
are evident in the yellow rectangular area. In such cases, counting models may
mistakenly interpret such a fusion region as a region of two separate entities,
resulting in a density region containing overlapping Gaussian distributions, as
depicted in the �rst line of Fig. 4(d).
Ghosting e�ect alleviation by two-stage learning. The proposed two-stage
learning scheme, somehow surprisingly, mitigates this issue well. The key is to

4 To better illustrate the challenges posed by this problem, we conducted experiments
to assess the e�ectiveness of image alignment-based de-ghosting algorithms such
as [4,9,30]. Our results indicate that while satisfactory outcomes can be attained with
natural image pairs, the de-ghosting algorithm performs inadequately on image pairs
with low imaging quality, such as the data used in this study. Further comprehensive
experiments are available in the supplementary material.
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decouple the distillation of denoising di�usion models from the counting pro-
cess. In the distillation stage, the training process exclusively distills a heavy
denoising di�usion multi-modal image fusion model (with a size of over 500M,
as shown in Tab. 6) using a lightweight network (with a size of less than 4M).
This single training task ensures the convergence of the training process. In the
�ne-tuning stage, the training process �ne-tunes the pre-trained broker modal
generator to the counting task, facilitating the elimination of the ghosting ef-
fect. Speci�cally, as the analysis above suggests, the ghosting e�ect may cause
the model to generate overlapping Gaussian distributions and overestimate the
count. By calculating the counting loss, which directly re�ects the produced
density map's deviation from the ground truth, the error caused by the ghosting
e�ect is penalized during �ne-tuning. Consequently, this leads to a clearer fusion
image with a signi�cantly reduced ghosting e�ect.

4 Experiments and Discussion

4.1 Evaluation Metrics and Datasets

We conduct our experiments on three widely used multi-modal crowd counting
benchmark datasets: RGBT-CC, DroneRGBT, and ShanghaiTechRGBD. We
adopt RMSE [43] and GAME [5] to evaluate the methods.
RGBT-CC [24] is the most widely used large-scale RGBT crowd counting
benchmark, in which 138,389 pedestrians are annotated in 2,030 pairs of RGB-
thermal images captured in unconstrained scenarios. All image pairs are captured
by an optical-thermal camera in various scenarios like malls, streets, playgrounds,
train stations, and metro stations.
DroneRGBT [39] is a drone-based RGBT crowd counting benchmark dataset.
It contains 3,607 registered RGB-thermal image pairs with ground truth annota-
tions and covers di�erent attributes including height, illumination, and density.
Images are captured by drone-mounted cameras, covering a wide range of sce-
narios like campus, street, park, parking lot, playground, and plaza.
ShanghaiTechRGBD [17] is a large-scale RGBD crowd counting dataset con-
taining 2,193 RGB-depth image pairs with 144,512 annotations. Images are cap-
tured by a stereo camera whose valid depth ranges from 0 to 20 meters. The
scenes include busy streets of metropolitan areas and crowded public parks.

4.2 Implementation Details

Network structure. CMC of BMG downsamples the input image size(H; W )
to (h; w) while increasing channels from 6 tod = 256. MFD upsamples the
features to the full input size (H; W ) and reconstructs a 3-channel broker modal
F . The patch number for cross-modal attention is 64 and embedding dimension
d = 256. The number of the Transformer encoder layer is 2 and the head number
is 6. The patch number of the Transformer encoder is 196 and the embedding
dimension isD = 768. We upsample the output of the feature extractor to (h; w),
and then feed it to the regression head.
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Table 1: Comparison with the state-of-the-art methods on RGBT-CC.

Method Venue GAME(0) GAME(1) GAME(2) GAME(3) RMSE

UCNet [56] CVPR 2020 33.96 42.42 53.06 65.07 56.31
HDFNet [38] ECCV 2020 22.36 27.79 33.68 42.48 33.93
MVMS [57] CVPR 2019 19.97 25.10 31.02 38.91 33.97
BBSNet [3] ECCV 2020 19.56 25.07 31.25 39.24 32.48
CmCaF [13] TII 2022 15.87 19.92 24.65 28.01 29.31

BL+IADM [24] CVPR 2021 15.61 19.95 24.69 32.89 28.18
CSCA [58] ACCV 2022 14.32 18.91 23.81 32.47 26.01

BL+MAT [48] ICME 2022 13.61 18.08 22.79 31.35 24.48
TAFNet [44] ISCAS 2022 12.38 16.98 21.86 30.19 22.45

BL+MAT+SSP [48] ICME 2022 12.35 16.29 20.81 29.09 22.53
GETANet [36] GRSL 2024 12.14 15.98 19.40 28.61 22.17
DEFNet [63] TITS 2022 11.90 16.08 20.19 27.27 21.09

R2T [12] KBS 2022 11.63 16.70 22.12 32.32 21.28
MJPNet-T [64] IoT 2024 11.56 16.36 20.95 28.91 17.83

MCN [10] ESWA 2024 11.56 15.92 20.16 28.06 19.02
MC 3 Net [65] TITS 2023 11.47 15.06 19.40 27.95 20.59
C4-MIM [6] CIS 2024 11.08 14.85 19.05 24.94 19.71

CAGNet [52] ESWA 2024 11.06 14.73 18.94 25.76 17.83
BGDFNet [50] TIM 2024 11.00 15.04 19.86 29.72 19.05
VPMFNet [35] IoT 2024 10.99 15.17 20.07 28.03 19.61
MSDTrans [29] BMVC 2022 10.90 14.81 19.02 26.14 18.79

Ours ECCV 2024 10.19 13.61 17.65 23.64 17.32

Table 2: Comparison with the state-of-the-art methods on DroneRGBT.

Method Venue GAME(0) RMSE

CMDBIT [49] TCSVT 2023 11.50 21.27
BL+IADM [24] CVPR 2021 11.41 17.54

DEFNet [63] TITS 2022 10.87 17.93
CSRNet [14] CVPR 2018 8.91 13.80

GETANet [36] GRSL 2024 8.44 13.99
CGINet [37] EAAI 2023 8.37 13.45
MC 3 Net [65] TITS 2023 7.33 11.17
MMCCN [39] ACCV 2020 7.27 11.45

I-MMCCN [55] IC-NIDC 2021 6.91 11.26

Ours ECCV 2024 6.20 10.40

Experimental setup and training details. We implement our model with
PyTorch and train it on an NVIDIA RTX 3090 GPU with 24GB memory. We
adopt the Adam optimizer with the learning rate of 1e-5 and the weight decay
of 1e-4. During training, we randomly crop and �ip the input images for data
augmentation. The crop size is224� 224 for RGBT-CC and DroneRGBT, and
1024� 1024for ShanghaiTechRGBD. The batch size for all datasets is 1 and the
maximum number of training epochs is 400.

4.3 Experimental Evaluations

We compare our proposed method with the state-of-the-art methods on the
benchmark datasets described above.
Experimental results on RGB-T datasets. Experimental results on RGBT-
CC and DroneRGBT are shown in Tab. 1 and Tab. 2, respectively. The ex-



Multi-modal Crowd Counting via a Broker Modality 11

Table 3: Comparison with the state-of-the-art methods on ShanghaiTechRGBD.

Method Venue GAME(0) GAME(1) GAME(2) GAME(3) RMSE

UCNet [56] CVPR 2020 10.81 15.24 22.04 32.98 15.70
DetNet [23] CVPR 2018 9.74 - - - 13.14

HDFNet [38] ECCV 2020 8.32 13.93 17.97 22.62 13.01
CL [8] ECCV 2018 7.32 - - - 10.48

GETANet [36] GRSL 2024 6.91 8.83 12.31 17.11 9.88
BL+MAT [48] ICME 2022 6.61 8.16 10.09 16.62 9.39

BBSNet [3] ECCV 2020 6.26 8.53 11.80 16.46 9.26
BL+MAT+SSP [48] ICME 2022 5.39 6.73 8.98 13.66 7.77

VPMFNet [35] IoT 2024 5.24 6.85 9.14 13.81 8.19
RDNet [17] CVPR 2019 4.96 - - - 7.22
CSCA [58] ACCV 2022 4.39 6.47 8.82 11.76 6.39

CSRNet+IADM [24] CVPR 2021 4.38 5.95 8.02 11.02 7.06
DPDNet [16] TPAMI 2021 4.23 5.67 7.04 9.64 6.75
AGCCM [34] TIP 2022 3.90 - - - 5.86
CCANet [28] TMM 2023 3.78 5.34 7.63 10.17 5.56

Ours ECCV 2024 3.72 6.06 9.02 12.63 5.28

Table 4: Comparison of parameter quantity with the state-of-the-art models

Method Venue Param(M) #

HDFNet [38] ECCV 2020 45.63
UCNet [56] CVPR 2020 31.08
BBSNet [3] ECCV 2020 49.78

BL+IADM [24] CVPR 2021 25.67
DEFNet [63] TITS 2022 45.33
MC 3 Net [65] TITS 2023 113.08

Ours ECCV 2024 40.55

perimental results demonstrate that our method clearly outperforms previous
state-of-the-art models and becomes the new state-of-the-art method on both
RGB-T datasets. For example, compared to MSDTrans [29], our method shows
signi�cant improvement on all �ve evaluation metrics on RGBT-CC. It reduces
GAME(0), GAME(1), GAME(2), GAME(3), and RMSE by 0.71, 1.20, 1.37,
2.50, and 1.47, respectively. Compared to I-MMCCN [55] on DroneRGBT, it
improves achievement of 0.71 and 0.86 on GAME(0) and RMSE, respectively.
Furthermore, we provide visual comparison results with previous state-of-the-art
methods in Fig. 5. These quantitative and qualitative experiments demonstrate
that our proposed method is greatly e�ective and robust.

Experimental results on RGB-D dataset. Furthermore, to thoroughly eval-
uate the e�ectiveness and robustness of our proposed multi-modal crowd count-
ing approach, we conducted experiments in the realm of RGB-depth crowd count-
ing tasks. Experimental results on ShanghaiTechRGBD are shown in Tab. 3.
Notably, our approach achieves the best GAME(0) value of 3.72 and the best
RMSE value of 5.28. These compelling results underscore the robustness and
versatility of our proposed method in handling the intricacies associated with
multi-modal crowd counting tasks.
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Table 5: In�uence of the distillation-then-�netuning training scheme for BMG.

Distillation stage Fine-tuning stage GAME(0) GAME(1) GAME(2) GAME(3) RMSE

� X 12.93 16.12 20.27 26.07 25.49
X � 11.29 14.52 18.70 24.41 20.85
X X 10.19 13.61 17.65 23.64 17.32

Parameter quantity of di�erent models. We also analyze the complexity of
models by comparing the parameter quantity with state-of-the-art methods, as
in Tab. 4. Despite achieving remarkable results in terms of crowd counting accu-
racy, it is noteworthy that our model maintains an acceptable and competitive
parameter quantity when benchmarked against contemporary state-of-the-art
methodologies.

In general, the results above demonstrate that our method achieves high
accuracy in both RGB-T and RGB-D crowd counting tasks. These results show
the remarkable robustness and e�ectiveness of our approach in addressing the
challenging multi-modal crowd counting task.

Fig. 5: Visualization results of our method compared with di�erent models. Our
method consistently outperforms compared with other previous state-of-the-art mod-
els, demonstrating the e�ectiveness and superiority of the proposed model in accurately
estimating multi-modal crowd density.

4.4 In�uence of Distillation-then-�netuning Training Scheme

Here we investigate the in�uence of designing the distillation-then-�netuning
training scheme for BMG. First, Tab. 5 shows that the two-stage training scheme
greatly improves the performance of the model. If training without DDFM dis-
tillation initialization or �ne-tuning BMG, the performance obviously decreases
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