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ABSTRACT

Crowd counting aims to estimate the number of pedestrians across various scenes.
Compared to RGB images, thermal images demonstrate greater robustness in complex
scenarios such as low illumination and adverse weather conditions. However, this
task remains underexplored due to challenges like the misidentification of heat-emitting
objects. To address this issue, we propose Multi-modal Knowledge Distillation (MKD),
a novel thermal crowd counting method that transfers multi-modal knowledge from an
RGB-thermal (RGB-T) teacher model into a thermal-based student model. Specifically,
we combine feature distillation and response distillation to transfer low-level semantic
knowledge and fine-grained fused knowledge simultaneously. Furthermore, to address
cases where the teacher model underperforms the student model, we design an adaptive
weighting module that dynamically adjusts instance-level loss weights during training,
enabling the student to prioritize more valuable samples. Extensive experiments on
RGBT-CC and DroneRGBT validate the effectiveness of MKD. In particular, MKD
reduces the G(0) on RGBT-CC from 12.27 to 11.35. Meanwhile, compared with the
RGB-T teacher, our student achieves about a 30% reduction in both parameters and
FLOPs, while maintaining state-of-the-art accuracy among thermal-based methods.

© 2026 Elsevier Ltd. All rights reserved.

1. Introduction

Crowd counting aims to estimate the number of pedestrians
in unconstrained scenes[1]. Existing studies can be broadly
grouped into RGB-based crowd counting [2, 3], thermal-based
crowd counting [4, 5], and RGB-thermal (RGB-T) fusion crowd
counting [6, 7].

RGB-based methods benefit from rich appearance cues
but often degrade in low illumination, severe occlusion, and
adverse weather. In contrast, thermal images are robust to
illumination changes and can better highlight pedestrians in
complex scenarios. Prior works [6, 7] also demonstrate that
thermal images may provide stronger support for density map
estimation than RGB images in such cases. Moreover, thermal
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imaging captures heat patterns rather than identifiable visual
textures, which is advantageous for privacy preservation [4].

Recent RGB-T fusion models exploit modality
complementarity and typically achieve stronger
performance [8, 9, 10, 11, 12, 13, 14, 15]. In a broader
context, multi-modal foundation models have also advanced
rapidly, demonstrating effective cross-modal alignment across
diverse modalities [16]. However, fusion models may suffer
severe degradation when one modality becomes unreliable[17],
under extremely poor illumination, noisy RGB cues can even
harm fusion, leading to worse results than a thermal-based
crowd counting model, as illustrated in Fig. 1(a).

Despite its practical value, thermal-only crowd counting
remains underexplored, mainly due to several modality-specific
challenges. First, public thermal crowd datasets are relatively
limited in scale compared with RGB benchmarks, which
restricts supervised learning and generalization. Second,
thermal images are prone to false positives from heat-emitting
or reflective distractors (e.g., lamps, heated objects), especially
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Fig. 1: Examples of crowd counting. (a) The RGB-T model detects
fewer pedestrians under extremely poor illumination conditions. (b) The
thermal-based crowd counting model misidentifies lamps as pedestrians.

without auxiliary RGB cues, as shown in Fig. 1(b). Third,
thermal images often contain weaker fine-grained textures and
lower spatial details than RGB, making dense localization and
separation of close-by pedestrians more difficult. Finally,
thermal-only learning usually lacks strong multi-modal
supervision signals that could provide complementary
semantics.

These observations motivate a practical yet underexplored
direction: leveraging RGB-T knowledge during training
to improve thermal-only inference, i.e., transferring
complementary information from RGB-T models while
requiring only thermal inputs at test time. To this end,
we propose a thermal-based crowd counting network via
Multi-modal Knowledge Distillation (MKD). Motivated by
cross-modal distillation [18, 19, 20, 21], we distill multi-modal
knowledge from an RGB-T teacher to a thermal student with
two objectives: (1) feature distillation to transfer branch-level
representations of RGB and T streams, and (2) response
distillation to transfer fused knowledge after multi-modal
interaction. Moreover, we introduce an adaptive weighting
module to adjust distillation strength per instance, emphasizing
reliable teacher guidance.

We evaluate MKD on RGBT-CC [8] and DroneRGBT [22].
Results show that MKD significantly boosts thermal-based
crowd counting models, achieving state-of-the-art performance
among thermal-only methods while reducing FLOPs and
parameters by about 30% compared with the RGB-T teacher.

The main contributions can be summarized as follows:
• We propose a novel thermal crowd counting method that

enhances the performance by transferring multi-modal
knowledge, without incurring additional inference costs.
• We design two distillation methods at the feature and

response levels to effectively transfer both low-level
semantic knowledge and fine-grained fused knowledge.
• We propose an adaptive weighting module that prioritizes

high-quality knowledge and suppresses the influence of
noisy samples.

2. Related Works

2.1. Crowd Counting
Traditional crowd counting methods [23, 1, 2] relying solely

on RGB modality often struggle under challenging weather
and lighting conditions. The thermal image has been widely
adopted as a complementary modality to enhance robustness.
Recent works have explored RGB-T crowd counting,
leveraging the strengths of RGB and thermal modalities.
For example, Peng et al. [22] propose a drone-based RGB-T

crowd counting dataset, DroneRGBT, and MMCCN with
multi-scale feature learning and modality alignment modules.
Liu et al. [8] proposed the RGBT-CC dataset and IADM
to collaboratively learn cross-modal representation with a
dual information propagation mechanism. Zhang et al.
[9] developed CSCA, employing spatial-wise cross-modal
attention to capture correlations between multi-modal features.
Wu et al. [10] proposed MAT, which utilizes a cross-modal
mutual attention mechanism to leverage the complementary
information of two modalities. Liu et al. [7] introduced a
multi-scale token transformer to enhance the thermal feature
using the RGB modality. Fang et al. [14] utilized SAM to
guide the interaction between modalities with segmentation
maps.

Most of these methods leverage two modalities as inputs
to adapt to different scenarios. However, the RGB-T crowd
counting approaches suffer severe performance degradation
when the RGB information is unreliable or ineffective. In
this paper, we propose a novel distillation framework to
build a thermal-based crowd counting model by transferring
multi-modal knowledge.

2.2. Multi-modal Knowledge Distillation

Knowledge distillation (KD) [24] was originally introduced
for model compression by transferring knowledge from a
high-capacity teacher to a lightweight student, and has since
been widely used in multi-modal tasks, including RGB-T
salient object detection [18], RGB-T image fusion [25] and
RGB-T segmentation [19]. Recently, several studies have
explored KD for RGB-T crowd counting [26, 27, 28, 29, 30].
Zhou et al. [26] distill a strong teacher into MJPNet-S∗, while
VPMFNet [27] transfers knowledge from an RGB model to
strengthen the vision branch of a multi-branch fusion network.
Meng et al. [28] introduce an auxiliary broker modality and
pretrain a BMG network by distilling a diffusion-based teacher.
Mu et al. [29] propose cooperative mutual distillation for
a lightweight RGB-T model, and Yang et al. [30] develop
a relation-aware lightweight network trained with cyclic
self-contrastive distillation. However, these methods still
require both RGB and thermal inputs at inference.

In contrast, our work transfers multi-modal knowledge to a
uni-modal student to enable thermal-only inference, targeting
scenarios where RGB images are unavailable or unreliable and
improving robustness in challenging conditions.

3. Method

Thermal images often produce false positives without RGB
information, while RGB-T approaches mitigate this issue by
leveraging the complementary strengths of RGB and thermal
data. To improve the performance of thermal-based crowd
counting models, we distill knowledge from a pretrained
RGB-T teacher model by transferring both low-level features
before fusion and responses after multi-modal fusion. The
framework of the proposed method is depicted in Fig. 2.
During the training phase, paired RGB and thermal images
are fed into the teacher network, while the student model only
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Fig. 2: The framework of our MKD method. (a) During training, feature
distillation and response distillation are performed to transfer the multi-modal
knowledge to the student. An adaptive weighting module adjusts the distillation
weight at the instance level. (b) During inference, the model only takes thermal
images as inputs.

takes the corresponding thermal image as input. The teacher
model is kept frozen, and the student model is trained to
learn from the teacher through two proposed distillation losses.
Additionally, an adaptive weighting module dynamically
adjusts instance-level distillation weights, allowing the student
to focus on more valuable knowledge. Following [7], random
cropping is applied to the input images during training. During
inference, predictions are made on each cropped region, and the
results are aggregated to produce the final output.

3.1. Network Architecture

We adopt MSDTrans [7] as the teacher model T . Given
paired RGB-T inputs (Ir, It), multi-scale thermal features
{FTt,i}

4
i=1 and RGB features {FTr,i}

4
i=1 are obtained via two PVT

encoders [31], where i denotes the feature layer index. A
learnable count token FTc , together with the high-level features
FTt,4 and FTr,4, is passed through a multi-head self-attention
(MHSA) module to derive enhanced features F̃Tc , F̃Tt and F̃Tr .
Subsequently, a multi-scale deformable transformer decoder
[32] facilitates feature fusion across scales. Specifically,
the enhanced thermal feature F̃Tt and the token F̃Tc are
concatenated as query. The enhanced RGB feature F̃Tr along
with the low-layer RGB features FTr,i(i = 1, 2, 3) serve as key
and value. Finally, a prediction head generates outputs, which
consist of a linear layer that generates the final count prediction
CT and a convolutional layer that generates the final density
map DT .

The student S follows the MSDTrans design as the
thermal-only branch, reusing the same core components: a
PVT encoder to extract multi-scale thermal features {FSt,i}

4
i=1,

the learnable count token and MHSA module to produce F̃Sc
and F̃St , and the multi-scale deformable decoder and prediction
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Fig. 3: Detailed design of the proposed two distillation methods.

head to generate CS and DS. The key modification is that
S removes the RGB branch entirely and uses only thermal
representations to drive the decoder. Specifically, the query
is constructed as [F̃St ; F̃Sc ], while the key and value are
formed by the enhanced thermal feature F̃St and low-level
thermal features {FSt,i}

3
i=1. Importantly, all distillation-related

modules are introduced only during training and are discarded
at inference, so the student inference path remains a lightweight
thermal-only MSDTrans-style network.

3.2. Multi-stage Knowledge Distillation
Compared to thermal images, the RGB-T models achieve

better performance by combining complementary information
from the RGB and thermal images. Therefore, we utilize
the knowledge from the pretrained RGB-T model to guide
the thermal-based model through multi-stage knowledge
distillation. Specifically, we transfer low-level image features
before fusion and the response after fusion.

Low-level image features serve as critical inputs to
the decoder, acting as key and value that carry semantic
information essential for subsequent feature fusion. Therefore,
we apply knowledge distillation to these low-level features.
As illustrated in Fig. 3(a), the teacher’s features from the
thermal and RGB branches are concatenated along the channel
dimension, which can be formulated as FTi = cat

([
FTt,i , F

T
r,i

])
.

To align the dimensions of the student and teacher features,
following FitNet[33], we utilize a projector Pi(·) to each feature
of the student FSt,i, which is composed of a convolutional layer,
a batch normalization layer and a ReLU activation layer. The
feature distillation loss is defined by the L2-distance between
the features of the student and teacher as follows:

L f ea =

K∑
i=1

L2(Pi(FSt,i), F
T
i ), (1)

where K represents the number of encoder layers, and K is set
to 4 in our experiments.
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In addition to feature-level transfer, we distill the responses
from the teacher model, which encapsulate fused multi-modal
knowledge. As observed in recent works [34, 35], the decoder
contains different knowledge at different stages. Thus, instead
of relying solely on the final output, we utilize the outputs of
multiple decoder layers to supervise the student. This process
is illustrated in Fig. 3(b). Each decoder layer incrementally
refines the density map and count token predictions based on
the outputs of the previous layer. The response distillation loss
is formulated as:

Lresp =

D∑
i=1

L2(GTi ,G
S
i ), (2)

where D denotes the number of decoder layers, D is set to 6 in
our experiments; GTi and GSi represent the outputs of the i-th
decoder layer of the teacher and student model, respectively.

3.3. Adaptive Weighting Module

In the RGB-T crowd counting task, the confidence of the
two modalities fluctuates depending on specific scenarios. For
example, under completely dark conditions, RGB images may
degrade performance, potentially causing the teacher model
to underperform relative to the student model. Traditional
distillation methods treat all samples equally, which can lead
to suboptimal performance in such cases.

Inspired by the success of some instance-level techniques
[18, 40, 41], we propose an adaptive weighting module tailored
for RGB-T crowd counting. This module adjusts the distillation
weight at the instance level, allowing the model to prioritize
samples that convey more valuable knowledge from the teacher
model. The weight w j is formulated as follows:

w j =

w0, if C
1, otherwise

, (3)

where w0 < 1 is a constant value, C represents the condition
which is set according to different strategies. In this paper, three
strategies: ‘global brightness’, ‘local brightness’, and ‘adaptive
weight’ are explored. Ultimately, we adopt the ‘adaptive
weight’ method due to its superior performance.

Global Brightness. Illumination is a crucial factor that
affects the performance of models. Therefore, we assign
weights based on whether the scenario is bright or dark.

Local Brightness. During training, random cropping is
applied to the input images. Even in a dark scenario, some local
areas can be bright. To assess the brightness of the cropped
image, we begin by converting the RGB image into grayscale.
Then the darkness pd is calculated based on the percentage of
the pixels that fall below a specified threshold v. If pd exceeds
a predetermined threshold ξ, we classify the image as dark.
Otherwise, it is considered bright.

Adaptive Weight. During early training epochs, the teacher
model performs better than the student model, which is
beneficial to the student model’s learning. However, in later
training epochs, there are instances where the performance of
the teacher declines, thereby impeding the student’s learning.

3.4. Loss Function

Finally, the distillation loss can be formulated as:

Ldistill =

N∑
j=1

w j

(
λ1L f ea, j + λ2Lresp, j

)
, (4)

where L f ea, j and Lresp, j stands for the feature distillation loss
and the response distillation loss of the j-th instance, λ1 =

0.5 and λ2 = 1 are balancing weights of the proposed two
distillation loss terms, and N is the size of the mini-batch.

We leverage the task loss used in previous methods [7, 14],
which is composed of density map loss Lmap originating from
DM-Count [1] and a count lossLC computed with the L1 norm.
It can be formulated as:

Ltask = Lmap(DS, D̂) +LC(CS, Ĉ), (5)

where DS and CS represent the predicted density map, and
count of the student model, D̂ and Ĉ denote the ground truth
density map and count.

The final loss is calculated by linearly combining the
distillation loss and the task loss:

L = Ldistill +Ltask. (6)

4. Experiment

4.1. Experimental Settings

Dataset. We evaluate our method on two popular
RGB-T crowd counting benchmarks, RGBT-CC [8] and
DroneRGBT [22], which are complementary in scenario
coverage and challenges. RGBT-CC provides aligned
RGB-thermal image pairs collected from ground-view
scenes with diverse environments and noticeable
illumination variation. It contains 1,030/200/800 pairs for
training/validation/testing, respectively, and includes both
bright and dark conditions. This illumination diversity makes
RGBT-CC well suited for analyzing model robustness under
low-light scenarios, where RGB cues may become unreliable.
DroneRGBT focuses on UAV-based data acquisition and
the associated domain characteristics. It consists of 3,807
aligned RGB-T pairs captured by drone-mounted cameras,
with 1,800 pairs for training and the remaining images for
testing. Following the common protocol, we further split the
training set into 70%/30% for training/validation. Compared
with ground-view datasets, DroneRGBT typically exhibits
larger viewpoint changes, more pronounced scale variation,
and diverse crowd density patterns, which are valuable for
evaluating the generalization of our distillation strategy across
viewpoints and scenes.

Evaluation metrics. Following previous methods, we adopt
GAME[42] and RMSE as the evaluation metrics. GAME at
level l is calculated as:

GAME(l) =
1
N

N∑
i=1

4i∑
j=1

∣∣∣∣P̂ j
i − P j

i

∣∣∣∣ , (7)
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Table 1: Comparison with state-of-the-art methods using the thermal modality on RGBT-CC and DroneRGBT. Metrics with ↓ mean lower is better.

RGBT-CC DroneRGBT
Type Method Venue G(0)↓ G(1)↓ G(2)↓ G(3)↓ RMSE ↓ G(0)↓ G(1)↓ G(2)↓ G(3)↓ RMSE ↓

RGB-T

IADM [8] CVPR2021 15.61 19.95 24.69 32.89 28.18 9.77 12.91 17.08 22.61 15.76
CSCA [9] ACCV2022 14.32 18.91 23.81 32.47 26.01 9.51 12.12 15.84 21.57 15.19
MAT [10] ICME2022 12.35 16.29 20.81 29.09 22.53 – – – – –

DEFNet [11] TITS2022 11.90 16.08 20.19 27.27 21.09 8.69 10.67 13.44 17.48 14.19
MSDTrans[7] BMVC2022 10.90 14.81 19.02 26.14 18.79 6.42 8.47 10.99 14.70 10.14

BMG [28] ECCV2024 10.19 13.61 17.65 23.64 17.32 6.20 – – – 10.40
MJPNet-T [26] IOT2024 11.56 16.36 20.95 28.91 17.83 6.02 7.72 10.32 14.39 9.62
BGDFNet [36] TIM2024 11.00 15.04 19.86 29.72 19.05 – – – – –
MMFFNet [37] TIM2025 9.87 13.59 17.31 22.91 16.85 5.36 – – – 8.33

T

SANet [38] ECCV2018 22.23 26.16 31.05 37.61 38.94 12.53 16.26 20.74 26.85 17.53
CSRNet [39] CVPR2018 21.64 26.22 31.65 38.66 37.38 11.11 14.24 18.13 22.94 16.40

BL [23] ICCV2019 17.80 22.88 28.50 37.30 30.24 8.64 11.14 14.60 19.84 14.41
DM-Count [1] NeurIPS2020 13.69 17.08 21.03 27.18 24.27 6.83 9.06 11.69 15.02 10.83

GL [2] CVPR2021 14.77 18.29 22.29 29.28 27.15 7.54 9.82 12.80 16.62 11.70
IADM [8] CVPR2021 16.20 20.71 25.23 33.30 28.30 11.49 14.40 18.40 23.74 17.35
CSCA [9] ACCV2022 14.75 19.55 24.74 33.53 24.24 11.56 14.15 17.74 22.71 18.14

MSDTrans [7] BMVC2022 14.09 19.11 23.38 30.21 24.09 9.82 11.94 14.11 17.25 14.85
MC3Net [13] TITS2023 14.89 18.36 22.21 30.25 25.97 – – – – –

VPMFNet [27] IOT2024 14.88 18.67 23.99 33.80 25.50 – – – – –
MKD (Ours) – 11.35 15.35 19.66 26.42 19.77 6.13 8.05 10.48 14.38 9.41

where N is the total number of the testing samples, P j
i and

P̂ j
i are the estimated count and the corresponding ground truth

count in the jth region of the i-th image. In the tables of this
paper, we use G(l) for short.

Implementation details. All experiments are conducted
on a single NVIDIA RTX 3090 GPU with 24 GB memory,
using an Intel Xeon E5-2680 CPU and the PyTorch framework.
Following the previous method[7], we reshape the image into
a shape of (674, 448). During training, images are randomly
cropped into a shape of (224, 224). Our networks are trained
for 500 epochs with the initial 30 epochs for warm-up. The
mini-batch size is set at 16. We use the Adam optimizer with
an initial learning rate of 2e-5 and a weight decay of 1e-4.
During inference, we first resize each input image to a unified
resolution of 674 × 448, and then partition the preprocessed
full image into multiple crops with the same size as in training
(224 × 224). Each crop is fed into the network independently
to produce a local density map. We then paste all predicted
local density maps back to the resized image coordinate system
and stitch them into a full-image density map with overlap
handling, and obtain the final crowd estimate by summing over
the aggregated full-image density map. In our implementation,
training typically takes about 12 hours on a single GPU.

4.2. Comparison With State-of-the-art Methods

We compare our method with state-of-the-art crowd counting
methods on the RGBTCC and DroneRGBT datasets. Due
to the scarcity of thermal modality approaches, we establish
this baseline through the following strategies: (1) Retrained
RGB-based: We adapt several advanced RGB crowd counting
models to the thermal modality, including SANet [38], CSRNet
[39], BL [23], DM-Count [1], and GL [2]. (2) T-based:
We also select some results on the thermal modality from

Table 2: The performance under different illumination conditions on
RGBT-CC. Results displayed on a gray background indicate the performance
of the model without distillation.

Scenario Model G(0)↓ G(1)↓ G(2)↓ G(3)↓ RMSE ↓

Dark
Teacher 10.41 14.40 17.99 24.33 17.94
Student 11.81 15.67 19.48 25.40 23.75
MKD 10.51 14.33 18.14 23.86 19.58

Bright
Teacher 11.38 15.20 20.02 27.89 19.58
Student 12.72 16.84 21.81 29.60 22.52
MKD 12.16 16.34 21.14 28.92 19.96

All
Teacher 10.9 14.81 19.02 26.14 18.79
Student 12.27 16.26 20.66 27.53 23.13
MKD 11.35 15.35 19.66 26.42 19.77

the ablation studies of some RGB-T crowd counting works,
including MC3Net [13] and VPMFNet [27]. (3) Adapted
RGB-T based: Additionally, we generate RGB images from
thermal images using PearlGAN [43] and evaluate them
with RGB-T crowd counting models, namely IADM [8],
CSCA [9], and MSDTrans [7]. A comprehensive comparison
of state-of-the-art methods is presented in Table 1. Our
model achieves state-of-the-art performance on the thermal
modality. In addition, it outperforms many RGB-T models
without relying on the RGB modality during inference, thereby
demonstrating the effectiveness of our distillation method in
effectively transferring multi-modal knowledge.

To further validate the effectiveness of the proposed method,
we infer the models under different illumination conditions.
The results are summarized in Table 2, where teacher is the
RGB-T model [7], and student is the thermal-based crowd
counting model proposed in this paper. Benefiting from the
distilled knowledge, our method significantly improves the
student model, which even surpasses the teacher model in
some metrics (e.g., GAME(1) and GAME(3)) in the dark
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Table 3: Ablation study on the effect of different modalities on RGBT-CC.

Teacher Student G(0)↓ G(1)↓ G(2)↓ G(3)↓ RMSE↓
% T 12.27 16.26 20.66 27.53 23.13

RGB T 11.85 16.37 20.90 27.84 21.31
RGB-T T 11.55 15.86 20.21 27.00 21.56
% RGB 18.62 28.08 35.29 45.61 37.78
T RGB 18.32 27.56 34.54 44.79 35.47

RGB-T RGB 18.01 25.97 32.91 43.55 37.57

scenario. Moreover, we visualize some density maps generated
by different models to analyze the sources of performance
gains. The thermal-based crowd counting model is susceptible
to interference from heated objects. The first example in Fig.
4 shows that our model successfully suppresses interference
with knowledge distilled from the teacher. The following
two examples demonstrate that our method exhibits greater
robustness across various lighting conditions.

4.3. Ablation Studies

Comparison of different teacher modalities. To analyze
the effect of different teacher models, we modify the modality
of the teacher. When distilling from an RGB-based teacher,
we implement the method in a similar way. The distinction
lies in the feature distillation phase, where the multi-scale
features in the backbone are directly transferred to the
student model through projectors. In this experiment, we
disable the adaptive weighting module. Results in Table 3
show that utilizing the RGB-T teacher model yields superior
performance than the RGB-based teacher across most metrics,
indicating that transferring RGB-T knowledge encourages the
student to capture multi-modal complementary information.
Moreover, we conduct an extensive experiment by distilling
the knowledge into an RGB-based model. The results prove
that distillation also works on the RGB-based model. However,
the performance of the RGB-based model lags behind that of
thermal-based models due to challenges associated with poor
illumination conditions.

Effect of distillation losses. To investigate the impact
of the distillation methods, we conduct an ablation study
on RGBT-CC in Table 4. In this experiment, we disable
the adaptive weighting module to isolate the effect of
the distillation losses. We first train the thermal student
without distillation, and then apply feature distillation
and response distillation independently. Compared with
the non-distilled student, both variants bring measurable
improvements, indicating that the teacher provides useful
transferable supervision. We further combine the two losses
in our multi-stage distillation, which achieves the best overall
performance, validating the effectiveness of our design.

We also include a classical KD baseline that distills only
the teacher’s final output. Its performance can be worse
than training without distillation, likely due to negative
transfer in cross-modal distillation: the RGB-T teacher’s
predictions may depend on RGB cues that are unavailable to
the thermal-only student at inference, making the supervision
partially inconsistent and harder to imitate. In contrast,
our MKD provides more transferable guidance by distilling

Table 4: Ablation study on adaptive distillation on RGBT-CC.

Setting G(0)↓ G(1)↓ G(2)↓ G(3)↓ RMSE↓

classical KD [24] 18.30 35.13 22.56 28.40 36.80
w/o Lresp 11.98 15.95 20.35 27.01 22.31
w/o L f ea 11.61 15.87 20.41 27.35 21.29

MKD (Ours) 11.35 15.35 19.66 26.42 19.77

Table 5: Ablation study on the effect of adaptive distillation on RGBT-CC.

Strategy G(0)↓ G(1)↓ G(2)↓ G(3)↓ RMSE↓

w/o distillation 12.27 16.26 20.66 27.53 23.13
Same weight 11.55 15.86 20.21 27.00 21.56

Global brightness 12.11 16.00 20.13 27.17 22.17
Local brightness 11.72 15.70 19.96 26.69 21.82
Adaptive weight 11.35 15.35 19.66 26.42 19.77

intermediate representations together with responses, and the
full model further benefits from adaptive weighting.

Effect of the adaptive weighting. We compare the proposed
method (adaptive weight) with two additional strategies,
alongside a baseline distillation using uniform weights (same
weight). The first strategy assigns weights based on the
brightness labels provided in the dataset, referred to as global
brightness. The second strategy allocates weights according
to the brightness of cropped images, termed local brightness.
Specifically, we first convert the RGB image to grayscale and
calculate the darkness level pd based on the percentage of
pixels that fall below a specified threshold v(v = 40). If
pd exceeds a certain threshold ξ(ξ = 0.75), the image is
classified as dark; otherwise, it is considered bright. For a
fair comparison, we set the weight w0 to 0.1. The results
are recorded in Table 5. Although all strategies outperform
the model without distillation, both global brightness and
local brightness perform worse than same weight across some
metrics. This suggests that brightness may not be an optimal
criterion for filtering samples. In contrast, adaptive weight
adjusts the weight based on the count loss, which reduces the
weights only when the performance of the teacher falls below
that of the student, thereby achieving superior performance.

Effect of teacher models. We further study whether
MKD depends on a specific RGB-T teacher. We distill
from different RGB-T teachers under the same setting and
report results in Table 6. A stronger RGB-T teacher may
rely more heavily on RGB cues, making its predictions less
transferable to a thermal-only student that cannot access those
cues at inference. In addition, effective distillation requires
stable, well-calibrated outputs and easily alignable intermediate
features. Differences in calibration and fusion representations
can reduce the learnability of the teacher’s supervision despite
higher RGB-T accuracy.

4.4. Complexity Analysis

We compare the computational complexity of the proposed
thermal student with its RGB-T teacher and representative
baselines. As reported in Table 7, the teacher (MSDTrans)
contains 200.87M parameters and requires 24.58G FLOPs,
whereas our method reduces the model size to 141.20M
parameters and the computation to 17.22G FLOPs. This yields
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Fig. 4: Qualitative results on the test set of RGBT-CC.

Table 6: Comparison with different teacher models via MKD on RGBT-CC.

Method G(0)↓ G(1)↓ G(2)↓ G(3)↓ RMSE↓

MKD (MMFFNet) 12.61 15.47 18.74 23.94 23.45
MKD (Ours) 11.35 15.35 19.66 26.42 19.77

Table 7: Model complexity comparison in terms of parameters and FLOPs.

Type Method Params (M) FLOPs (G)

RGB-T IADM [8] 25.67 22.20
RGB-T MSDTrans [7] 200.87 24.58

T CSRNet [39] 23.90 41.52
T MC3Net [13] 113.08 31.94
T MKD (Ours) 141.20 17.22

a reduction of 29.7% in parameters and 29.9% in FLOPs,
indicating a substantially more efficient model for thermal-only
inference.

5. Limitations and Future Work

While the MKD framework achieves promising results for
thermal crowd counting, it is subject to several limitations
that warrant further investigation. First, MKD relies on
paired RGB-T data during training to enable multi-modal
knowledge transfer, which may restrict its applicability in
scenarios where only thermal data are available or RGB-T
pairing is difficult to collect. Second, since the student is
supervised by an RGB-T teacher, it may inherit the teacher’s
biases or failure modes, although our adaptive weighting
alleviates this issue to some extent by down-weighting less
reliable samples. Third, scalability to low-resolution or mobile
thermal sensors is not fully explored; reduced spatial details and
domain gaps may lead to degraded density estimation in real
deployments. In future work, we will investigate distillation
with unpaired or weakly paired cross-sensor data, bias-aware
and uncertainty-aware distillation to reduce negative transfer,
and resolution-robust training or domain adaptation techniques
to better support low-cost mobile thermal devices.

6. Conclusion

In this work, we proposed a novel knowledge distillation
method for thermal crowd counting. Specifically, we integrated
feature distillation and response distillation to make full
use of RGB-T knowledge. Moreover, we introduced an
adaptive weighting module that dynamically adjusts the weight
of the distillation loss at the instance level. Extensive
experiments on RGBT-CC and DroneRGBT demonstrate
consistent improvements over thermal-only baselines and
achieve state-of-the-art performance among thermal-based
methods, while maintaining high efficiency compared with the
RGB-T teacher.
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