
TC-Diffuser: Bi-Condition Multi-Modal Diffusion for Tropical Cyclone
Forecasting

Shiqi Zhang1, Pan Mu1, Cheng Huang1, Jinglin Zhang2, Cong Bai1*

1College of Computer Science, Zhejiang University of Technology
2 School of Control Science and Engineering, Shangdong University

{201906062727, panmu, chenghuang}@zjut.edu.cn, jinglin.zhang@sdu.edu.cn, congbai@zjut.edu.cn

Abstract

Tropical cyclones (TCs) are complex weather systems with
strong winds and heavy rainfall, causing substantial loss of
life and property. Therefore, accurate TC forecasting is cru-
cial for the effective prevention of disasters caused by TCs.
TC forecasting can be regarded as a spatio-temporal predic-
tion problem. It has been proven that using multi-modal data
can effectively introduce atmospheric information to achieve
better prediction results and higher interpretability. But it
also introduces inevitably introduces noise into the prediction
process. The diffusion model’s unique noise modeling capa-
bility can reduce prediction noise when using multi-modal
datasets. However, adapting it to TC forecasting has two
main challenges: how to extract valuable information from
multi-modal data, and how to utilize them to guide the gen-
eration process. For the first challenge, while recent meth-
ods can predict multiple TC attributes using multi-modal
data, they often overlook the interdependence of multiple at-
tributes and the semantic gap between modalities. Consider-
ing the interdependence of attributes, we propose two con-
dition generators that capture the commonalities and charac-
teristics of TC attributes, extracting spatio-temporal and en-
vironmental features and incorporating expert knowledge. To
reduce the semantic gap between multi-modal data, we intro-
duce the PGSA-LSTM module to map primary and auxiliary
modalities. For the second challenge, we propose a novel Bi-
condition diffusion model that sequentially processes condi-
tions from the characteristics to commonalities of attributes,
thereby expanding the guidance information that the diffu-
sion model can accept. Our results surpass state-of-the-art
deep learning models and outperform the numerical weather
prediction model used by the China Central Meteorological
Observatory. TC-Diffuser shows high generalizability across
global ocean areas, strong robustness in handling missing
data, and higher computational efficiency.

1 Introduction
Tropical cyclones (TCs) are complex weather systems with
significant impacts on daily life, often bringing strong winds
and heavy rainfall. Therefore, accurate forecasting is crucial
to prevent TC-related disasters. TC forecasting uses histori-
cal TC attributes to predict future TC attributes, which typ-
ically encompass trajectory (longitude and latitude), pres-
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sure, and wind speed. Trajectory corresponds to the longi-
tude and latitude of the TC center, pressure to the lowest at-
mospheric pressure (hPa) at the TC center, and wind speed
to the maximum sustained wind speed (m/s) over two min-
utes near the TC center. These attributes are interdependent
in physics (Callaghan and Smith 1998; Knaff and Zehr 2007;
Yan et al. 2024). However, predicting TC attributes is diffi-
cult due to various factors, such as inherent interdependen-
cies among TC attributes and atmospheric modalities. De-
spite the difficulty, there are still many methods trying to
solve these problems. These methods are categorized into
two main groups: traditional meteorological methods and
deep learning methods.

In traditional meteorological methods, statistical dynamic
forecasting methods employ regression techniques (De-
Maria and Kaplan 1999), such as CLIPER (Neumann
and Lawrence 1975). Numerical weather prediction mod-
els (NWPs) (Bauer, Thorpe, and Brunet 2015; Coiffier
2011; Kimura 2002), based on physical dynamic equa-
tions (Sanders, Pike, and Gaertner 1975; ECMWF 2011),
are extensively used by official meteorological forecasting
agencies, including the China Central Meteorological Ob-
servatory (CMO (CMO 2019)). These methods utilize multi-
modal data but require substantial computational resources,
such as supercomputers, to handle the numerous physical
constraints involved (Chen et al. 2023).

In the field of deep learning, TC forecasting can be
viewed as a spatio-temporal prediction problem; thus, sev-
eral spatio-temporal prediction models are commonly em-
ployed. Notable examples include RNN (Moradi Kordma-
halleh, Gorji Sefidmazgi, and Homaifar 2016; Alemany
et al. 2019), LSTM (Gao et al. 2018), ConvLSTM (Kim et al.
2019), BiGRU (Song et al. 2022), and GAN (Rüttgers et al.
2019). Besides, it has been proven that using multi-modal
data (Geng, Liu, and Shi 2023; Wu et al. 2021; Ma, Pan,
and Bai 2024) can effectively introduce atmospheric infor-
mation to achieve better prediction results and higher inter-
pretability. However, the introduction of multi-modal data
inevitably introduces noise in prediction process. The dif-
fusion model’s unique noise modeling capability can effec-
tively reduce prediction noise.

There are two main challenges in adapting diffusion
model to spatio-temporal prediction based on multi-modal
data. First, how to extract valuable information from multi-
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modal data. Second, how to effectively utilize this informa-
tion to guide the generation process.

For the first challenge, multi-modal data encompass mul-
tiple attributes of TCs. There are interdependent relation-
ships among them, which can be categorized into common
and characteristic relationships. Unlike single-task (single-
attribute) prediction methods (Gao et al. 2018; Pan, Xu,
and Shi 2019), predicting multiple TC attributes simultane-
ously (Huang et al. 2022, 2023) is advantageous for learning
the commonalities among them (Zhao et al. 2023). However,
different TC attributes have distinct characteristics, and fo-
cusing only on commonalities will lead to results that contra-
dict physical laws (Baltrušaitis, Ahuja, and Morency 2018).
So attribute-specific information must be extracted from the
observed data, which has often been overlooked in previous
work. For example, TC age is one of the factors influencing
the wind-pressure relationship (Song, Duan, and Klotzbach
2020), making it essential to incorporate TC age into wind
and pressure predictions. Moreover, previous methods are
difficult to provide expert knowledge to explain the gener-
ated results, thus often lacking interpretability.

Besides, multi-modal data typically include historical
TC attributes, geopotential height maps, and environmental
data. Historical TC attributes are 1D data, while geopoten-
tial height maps are 2D data representing the atmospheric
pressure structure. This creates a semantic gap between the
1D and 2D data. Previous methods have overlooked this gap,
making accurate cross-modal mapping difficult to achieve.

For the second challenge, a common idea is to input the
feature of the multi-modal data as a condition into the dif-
fusion model to guide the generation process. However, a
single condition is not enough to fully represent the rich in-
formation of multiple attributes, that is, there are common-
alities and characteristics among attributes. Thus, we need
to design two conditions for commonalities and character-
istics, respectively. Another question is how to effectively
utilize these two conditions to guide our generation process.
An unreasonable guidance order will lead to the missing of
the information carried by a certain condition.

To address the above two challenges, we propose a novel
framework, TC-Diffuser1, for tropical cyclone forecasting.
The main contributions are summarized as follows:
• We propose a novel Bi-condition multi-modal diffusion

model for TC forecasting. This model sequentially pro-
cesses conditions from the characteristics to commonal-
ities of attributes, thereby extending the number of con-
ditions and improving the range of guidance information
that the diffusion model can accept.

• Considering the interdependence of multiple attributes,
we propose two condition generators that consider
the commonalities and characteristics of TC attributes,
which extract the spatio-temporal and environmental fea-
tures of TCs and incorporate expert knowledge.

• To reduce the semantic gap between multi-modal TC
data, we introduce PGSA-LSTM module to discover
mappings between primary and auxiliary modalities.
This establishes the association between modalities.
1Code: https://github.com/Zjut-MultimediaPlus/TC-Diffuser

• Comprehensive experiments were conducted using the
China Meteorological Administration Tropical Cyclone
Best Track Dataset (CMA-BST). Our method outper-
forms both the state-of-the-art deep learning model and
the NWPs method used by the China Central Meteoro-
logical Observatory (CMO) across all metrics.

2 Method
The objective of our model is to predict typical at-
tributes of TCs, including trajectory, pressure, and wind
speed. The trajectory includes longitude and latitude. The
model input four parts of data: 1D historical TC attribute
H = {Ht

i }; 2D geopotential height map G = {Gt},
i ∈ {longitude, latitude, pressure, wind speed}, t ∈
{Tinit + 1, Tinit + 2, ..., Tinit + n}, where Tinit + 1 rep-
resents the first moment of historical data, n denotes the
length of the historical data; Environmental data E =
{Etraj , Epres, Ewind}; and TC Age A. Consequently, the
inputs are X = {H;G;E;A}.The outputs are predicted 1D
TC attributes z = {zti}, where t ∈ {Tinit+n+1, ..., Tinit+
n +m}, and m represents the length of the predicted data.
Our overview is illustrated in Figure 1.

2.1 Bi-Condition Multi-Modal Diffusion Model
It has been proven that multi-modal data (Geng, Liu, and Shi
2023) can enhance prediction accuracy and interpretability
by incorporating atmospheric information. However, it also
introduces noise into the prediction process. The diffusion
model’s unique noise modeling capability can effectively re-
duce prediction noise. Thus, we propose Bi-condition multi-
modal diffusion model tailored for TC forecasting.

We first define a diffusion sequence as (z0, z1, ..., zK),
where K is the maximum diffusion step. The diffusion pro-
cess adds noise into the ground truth region z0. Correspond-
ingly, the reverse diffusion sequence is (zK , zK−1, ..., z0).
This process utilizes historical data as conditions, and grad-
ually denoises the standard Gaussian zK to obtain the future
TC attributes z0. This process reduces prediction noise.

The diffusion process is defined as q(zk|z0) :=
N (zk;

√
ᾱkz0, (1− ᾱk)I), thus

zk =
√
ᾱkz0 +

√
(1− ᾱk)ε (1)

ᾱk =
∏k
s=1 αs, α1, α2, ...αk are fixed variance schedulers,

the noise variable ε ∼ N (0, I). As the diffusion step k in-
creases, zk ∼ N (0, I). This means z0 is gradually destroyed
into a Gaussian noise distribution. The training loss is:
L(θ, ψsh, ψsp) = Eε,z0,k||ε− ε(θ,ψsh,ψsp)(zk, k,X)|| (2)
θ are parameters of Bi-condition multi-modal diffusion
model, ψsh and ψsp are parameters of Shared and Specific
Condition Generator, X are the input of the model.

We regard the process of gradually generating more re-
liable TC prediction results as the reverse diffusion pro-
cess. We design the historical data as Bi-condition (in Sec-
tion 2.2) to guide our prediction results from high uncer-
tainty to low uncertainty. The Bi-condition (shared condition
Cshare, specific condition Cspec) are calculated as follows
(see details in Section 2.2):

Cshare = Fψsh
(H,G), Cspec = Fψsp

(E,A) (3)
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Figure 1: Overview of TC-Diffuser inference. The zK , zK−1, ...z0 represents the TC prediction results under different diffu-
sion steps k, the blue dashed lines inside are the prediction trajectory, and the red solid line is the ground truth. Only the future
trajectory is visualized, but the wind speed and pressure prediction results are also included. From zK to z0, the blue dashed
line gradually converges from noise to near ground truth. The single-step denoising process from zk to zk−1 is implemented by
Bi-Condition Denoising block (in Section 2.1), which sequentially processes conditions from specific to shared. Specific and
shared conditions are generated by the two condition generators (in Section 2.2): (1) Specific Condition Generator encodes
TC Age and Environmental data to incorporate attribute-specific information and expert knowledge. (2) Shared Condition Gen-
erator encodes 2D geopotential height map and 1D historical TC attribute data to incorporate spatio-temporal information. The
PGSA-LSTM module (in Section 2.3) is part of Shared Condition Generator.

The reverse diffusion process with Bi-condition
is defined as pθ(zk−1|zk, Cspec, Cshare) :=
N (zk−1;µθ(zk, k, C

spec, Cshare); Σθ(zk, k)), where
µθ(·) = 1√

αk
(zk − βk√

1−ᾱk
εθ(zk, k, C

spec, Cshare)),
Σθ(·) = σ2

kI = βkI, thus:

zk−1 = 1√
αk

(
zk − βk√

1−ᾱk
εθ(zk, k, C

spec, Cshare)
)
+
√
βke (4)

where e is a random variable in standard Gaussian Distribu-
tion, βk = 1 − αk. εθ is implemented by the Bi-condition
denoising block in Figure 1. The output of the block is:

z′′k = εθ(zk, k, C
spec, Cshare) (5)

The Bi-condition denoising block is first guided by the spe-
cific condition Cspec to learn the attribute-specific informa-
tion, and then by the shared condition Cshare to learn the
attribute-shared information. We discuss the guidance orders
in Section 3.2. The parameters θ are consists of θsp and θsh:

z′k = εθsp(zk, C
spec), z′′k = εθsh(z

′
k, k, C

share) (6)
εθsp is implemented by three parallel gating units for 3 at-
tributes respectively, which use condition to generate Gate
and bias, and perform a gating transform for latent noise
(zk). εθsh is implemented by four serial gating units (without
distinguishing 3 attributes) and a Transformer encoder.

2.2 Two Condition Generators
Considering the interdependence of TC attributes, we pro-
pose shared and specific condition generators for their com-
monalities and characteristics to extract spatio-temporal and
environmental features and incorporate expert knowledge.

To explore characteristics of attributes, specific condition
generator selects attribute-specific factors to generate a set

of specific conditions for each attribute. Environmental data,
such as the future move direction of TCs, which indicates
the trajectory change direction, is attribute-specific and has
minimal correlation with other attributes. Thus, we extract
three sets of environmental factors from Env data to guide
the prediction of three attributes: trajectory (Etraj : future
move direction), pressure (Epres: intensity class, future in-
tensity change direction), and wind speed (Ewind: wind).
future move direction and future intensity change direction
are expert knowledge derived from 1D historical data. This
means our model integrates expert knowledge. Obtaining
this information may be challenging in practice, so we in-
put wrong expert knowledge during testing, detailed further
in Section 3.5. Besides, different TC Age A display unique
patterns only in wind-pressure relationship (Song, Duan, and
Klotzbach 2020), so the Age data is beneficial to produce
predictions consistent with the wind-pressure relationship, a
consideration often overlooked in prior work. Hence, TC age
is incorporated into pressure and wind speed conditions, not
in the trajectory condition. Cspec is calculated as follows:
Cspec = (Fψtr

sp
(Etraj), Fψpr

sp
(Epres, A), Fψwi

sp
(Ewind, A)) (7)

Fψtr
sp

is a linear module, both Fψpr
sp

and Fψwi
sp

are two parallel
linear modules, and then these two results are concatenated.
In summary, these factors containing expert knowledge and
environmental features guide the model to generate predic-
tions in line with expert knowledge and atmospheric laws.

To explore commonalities of attributes, shared condition
generator selects attribute-shared modalities to generate a
shared condition. What modality is attribute-shared? The
ridges of 2D geopotential height maps may guide TC tra-
jectory changes (Wu and Wang 2004). Lower geopotential
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Figure 2: Four guidance strategies between 1D and 2D
modalities: no guidance between modalities (none), 1D
guide 2D (Block I), 2D guide 1D (Block II), mutual guid-
ance (Block I and III). Modules connected by dotted lines
are optional. The brackets signify the selection of blocks.
The hidden feature ft is initialized to 0, Gt+1, ..., Gt+n rep-
resents historical 2D data at historical n moments. H repre-
sents 1D data. The final ft+n is taken as 2D feature F2d.

height leads to higher wind speed and lower pressure (Gray
1968). Due to their high relevance with all three attributes,
2D data are divided into shared condition. Besides, we fol-
low the previous multi-task prediction methods and divide
1D data as attribute-shared modality. Thus, attribute-shared
modalities consist of 1D historical TC attribute represent-
ing temporal aspects and 2D historical geopotential height
map representing spatial aspects, collectively termed spatio-
temporal historical information. However, there are two is-
sues between the 1D and 2D data: (a) Different dimensions.
The 2D data have one more dimension than 1D data; (b)
Semantic gap. 1D TC attribute represent the values of TC
attributes. However, the 2D geopotential height map rep-
resents the atmospheric pressure distribution information,
and thus there is an obvious semantic gap between them.
To address these two issues, we propose the PGSA-LSTM
(Prompt-Guided Self-Attention ConvLSTM) module.

2.3 PGSA-LSTM Module: Semantic Gap
between Primary and Auxiliary Modalities

To reduce the semantic gap between 1D and 2D data, PGSA-
LSTM module discovers mappings between primary and
auxiliary modalities in multi-modal data. Because the out-
puts of model are 1D future data, we first define the 1D
data as primary modalities, and 2D data is treated as aux-
iliary modalities. As shown in Figure 2, we explore four
distinct guidance strategies between the primary (1D) and
auxiliary (2D) modalities. In the “1D guide 2D” strategy,
which is inspired by prompt learning principles, the primary
modality’s feature F1d acts as a guiding prompt to orches-
trate the temporal fusion of auxiliary 2D data. To match
the dimensions of F1d and 2D data Gt+i, we reshape (R)
the last dimension (256) of F1d into two dimensions (16,
16). Notably, at the beginning of temporal encoding of the
2D data, guidance is provided by F1d, which contains in-
formation from all historical moments. This approach en-
riches the temporal fusion features with global historical in-
formation. The F2d obtained through this method fully in-
corporates the information from 1D data. After “1D guide
2D”, the similarity score of F1d and F2d has increased from

115.66 to 136.26 (See the visualization results in the supple-
mentary material), thus the semantic gap between 1D and
2D data has been reduced. Experimental results in the sup-
plementary material demonstrate that “1D guides 2D” out-
performs other strategies. Here, F1d is encoded by the 1D-
Encoder, which is designed following the Trajectron++’s en-
coder (Salzmann et al. 2020). As shown in Figure 2, each
historical moment has a PGSA-LSTM block, which con-
tains 2D-Encoder (En2D, primarily consists of CNN and
spatial attention layers; encode 2D data Gt+i) and Self-
Attention ConvLSTM (Lin et al. 2020) (SA, temporal fusion
of 2D data under the prompt from reshaped F1d: R(F1d),
self-attention captures the semantic interactions between 1D
and 2D data). Finally, we use Transformer encoder (T ) and
residual to obtain the shared condition:

ft+i = SA(cat(ft+i−1,En2D(Gt+i),R(F1d)))
F2d = ft+n

Cshare = F1d + α ∗ T (concat(F1d, F2d))

(8)

where the hidden feature ft is 0, α is a hyperparameter.

3 Experiments
We first describe our experimental setup, conduct ablation
studies, and compare our method with SOTA methods. Vi-
sualization results for trajectory are then presented (pressure
and wind speed results are in the supplementary material),
followed by a discussion of expert knowledge in application.

3.1 Experimental Setup

For fair comparison, following MGTCF (Huang et al. 2023),
the sampling number is 6, which means that the model gen-
erates 6 possible tendencies. Similarly, our model inputs 48
hours (n = 8, the time resolution is 6 hours) of TC historical
data and outputs 24 hours (m = 4) of 1D future TC attribute
data. We deployed TC-Diffuser on the PyTorch framework.
Training was performed using Adam Optimizer with a learn-
ing rate of 0.001, a batch size of 256, and a duration of 10
hours. All experiments, including other deep learning meth-
ods used for comparison, were conducted on an NVIDIA
RTX A6000 GPU, and the seeds in training and testing were
fixed. We set the epoch to 270 based on model convergence
criteria. For α, we followed the common practice in deep
learning, tested four orders of magnitude: 0.1, 0.01, 0.001,
0.0001, and selected the best-performing, 0.001.

Datasets. We employed the dataset introduced by
MGTCF (Huang et al. 2023), encompassing all the 1722
TCs data from 1950 to 2021 over the Western North Pacific
(WP). So the datasets contain sufficient diverse conditions of
TCs. 80% of the TC data from 1950 to 2016 was allocated
for training, 20% for validation, and the data from 2017 to
2021 were reserved for testing. The dataset contains 1D his-
torical TC attribute (1D), 2D geopotential height map (2D),
and environmental data (Env). The 1D data include histor-
ical values of longitude, latitude, pressure, and wind speed.
The 2D data depict the current pressure structure. We en-
hanced the central information of 2D data, see more in the
supplementary material. The environmental data describes
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Settings Distance (km) Pressure error (hPa) Wind speed error (m/s)
6h 12h 18h 24h 6h 12h 18h 24h 6h 12h 18h 24h

Cshare and Cspec 19.56 22.86 47.29 84.56 1.16 0.74 1.71 2.79 0.68 0.40 1.01 1.61
Cshare then Cspec 20.90 23.26 44.75 81.13 1.26 0.83 1.82 2.93 0.79 0.43 1.00 1.61
Cspec then Cshare 20.50 22.63 40.85 75.15 1.12 0.60 1.59 2.67 0.69 0.34 0.88 1.50

Table 1: Ablation experimental results on three condition guidance orders. Lower value indicates better performance. “Dis-
tance” refers to the error in trajectory task. “6h” represents 6-hour result. Cshare represents shared condition, Cspec represents
specific condition. Underlined numbers indicate suboptimal performance.

Row Settings Distance (km) Pressure error (hPa) Wind speed error (m/s)
6h 12h 18h 24h 6h 12h 18h 24h 6h 12h 18h 24h

1 w/o 1D guide 2D 21.17 26.83 48.05 84.31 1.01 1.06 1.94 2.98 0.63 0.58 1.03 1.60

2
Bi-condition

(Shared, Specific)

- - 81.28 163.12 245.31 329.25 1.91 3.29 4.47 5.42 1.12 1.95 2.72 3.37
3 - Env, Age 77.98 153.99 230.07 306.49 1.67 2.94 3.97 4.89 0.98 1.67 2.21 2.63
4 1D, 2D - 21.43 23.68 44.72 81.18 0.99 0.73 1.68 2.79 0.59 0.36 0.89 1.51
5 2D 1D, Env, Age 26.49 46.70 77.81 117.96 1.17 1.65 2.59 3.38 0.72 0.93 1.39 1.74

6 TC-Diffuser 1D, 2D Env, Age 20.50 22.63 40.85 75.15 1.12 0.60 1.59 2.67 0.69 0.34 0.88 1.50

Table 2: Ablation experiments on proposed modules. Row2: w/o Bi-condition. Row3: w/o Cshare. Row4: w/o Cspec. Row5:
1D in Cspec. Bi-condition are necessary (Row 2&3&4). 1D data must be considered as shared condition (Row 5&6).

the environmental features during the TC development pro-
cess. The TC age data (Age) is computed from the 1D data.

Metrics. We compute the absolute error between the pre-
dicted results and ground truth, including trajectory (dis-
tance, km), pressure (hPa), and wind speed (m/s).

3.2 Ablation Studies
Analyzing three condition guidance orders. For the sec-
ond challenge, we discuss three condition guidance orders
in the Bi-condition multi-modal diffusion model: combined
shared and specific (Cshare and Cspec), shared then specific
(Cshare then Cspec), and specific then shared (Cspec then
Cshare, TC-Diffuser). In Table 1, “Cspec then Cshare” per-
forms best on long-term metrics and second best on short-
term metrics. This suggests that guidance from the attribute-
specific condition first, followed by the attribute-shared con-
dition, benefits long-term learning. In “Cshare then Cspec,”
multiple attributes in the latent noise are already fused, mak-
ing it difficult to learn a single attribute with specific condi-
tion guidance. Besides, accepting the specific condition first
enables the latent noise to acquire attribute-specific domain
knowledge. Thus, in “Cspec then Cshare”, both specific and
shared information are learned, not just one or the other.

Analyzing the effectiveness of proposed modules. We
conducted ablation experiments on two groups: “1D guide
2D” strategy (the core component of PGSA-LSTM), which
reduces the semantic gap between 1D and 2D data; Bi-
condition obtained from two condition generators. As
shown in Table 2, “1D guide 2D” significantly improves
performance (13.34%, 16.87%, 12.62% in attribute predic-
tions), demonstrating that reducing the semantic gap en-
hances accuracy. In Row 2, a standard diffusion model
without Bi-condition performs poorly. A well-designed Bi-
condition is essential for adapting the diffusion model to
TC forecasting. For example, 1D data must be divided
into shared conditions to learn attribute correlations (Row

5&6). In other words, the Bi-condition design must follow
attribute-specific and shared constraints. These results show
that classifying shared and specific conditions by analyzing
modality-attribute correlations is effective and reasonable.

In summary, Bi-condition multi-modal diffusion model,
through well-designed Bi-condition and conditions guid-
ance orders, extends the number of conditions and the range
of guidance information that the diffusion model can accept.

Discussion on improvement in long-term prediction.
Unlike methods predicting TC attributes every six hours, we
predict four future moments simultaneously, achieving sub-
stantial improvements, especially in long-term prediction,
and mitigating error accumulation. As shown in Table 2,
suboptimal results occurred in the 6-hour predictions. This
is because future moments were predicted together, sharing
a common Bi-condition. In fact, the 6-hour results are not
significantly different from the final historical moment data.
In other words, our Bi-condition overemphasizes global his-
torical information, disrupting the final moment’s feature.
For 6-hour prediction, “w/o Cspec” (Row4) performs best
because expert knowledge in Cspec, such as future move di-
rection, benefits long-term results. Regarding the 12-hour er-
ror being smaller than the 6-hour error, “w/o 1D guide 2D”
basically does not conform to this pattern. In other words,
adding “1D guide 2D” improves long-term prediction more
than short-term prediction. Because F1d contains 1D infor-
mation from all historical moments, aiding 2D data fusion
with global context at earlier moments. This favors long-
term predictions but may cause overemphasis on global his-
torical features in 6-hour predictions.

3.3 Comparison with State-Of-The-Art Methods
We first compared our method with single-task meth-
ods using only historical trajectory or wind speed data:
GRU (Cho et al. 2014), NMPT (Gao et al. 2018), DLM (Pan,
Xu, and Shi 2019), and TCIF-fusion (Wang, Li, and
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Methods Distance (km) Pressure error (hPa) Wind speed error (m/s) Model
size

Training/
inference time6h 12h 18h 24h 6h 12h 18h 24h 6h 12h 18h 24h

GRU (2014) 45.85 104.07 180.29 275.77 - - - - - - - - - -
NMPT(2018) 44.10 101.72 177.06 270.91 - - - - - - - - - -
DLM (2019) - - - - - - - - 1.09 1.85 2.48 3.04 - -

TCIF-fusion (2024) - - - - - - - - - - - 3.56 - -

SGAN (2018) 28.88 61.75 98.74 140.61 1.91 3.12 4.20 5.12 1.05 1.69 2.28 2.81 3.1M 16h/0.12s
GBRNN (2019) 29.93 65.06 105.74 152.06 - - - - 1.16 1.89 2.52 3.10 1.5M 16h/0.55s
MMSTN (2022) 27.57 59.09 96.54 139.19 1.69 2.86 3.94 4.74 0.95 1.52 2.10 2.55 4.8M 18h/0.16s
MGTCF (2023) 23.14 43.37 67.09 93.08 1.37 2.04 2.66 3.29 0.73 1.17 1.55 1.86 3.6M 20h/0.18s
TAM-CL (2024) - - - 155.04 - - - - - - - 4.12 22M 26h/1.11s

CMO (2019) 37.08 52.93 60.69 75.49 2.67 4.30 5.04 6.31 2.29 3.45 2.75 5.00 - -/-
Pangu (2023) 42.80 44.75 50.85 65.68 16.04 16.51 16.70 16.92 - - - - 64M 16days/4min
TC-Diffuser 20.50 22.63 40.85 75.15 1.12 0.60 1.59 2.67 0.69 0.34 0.88 1.50 9.5M 10h/1.04s

Table 3: Comparative analysis on performance and efficiency of different methods. In last column, “s” means seconds,
“min” means minutes, “h” means hours. The last two column for CMO are blank because there is no literature record.

Figure 3: Visualization of our trajectory forecasting results and comparison with the SOTA deep learning method
MGTCF. (a) The four small figures visualize the ground truth (red solid line), our trajectory forecasting results (blue dashed
line), and MGTCF’s trajectory forecasting results (green dashed line). Four representative trajectories were selected: natural
linear variation, sudden turning, spiral variation, and turning upon encountering land. (b) The trajectory forecasting results
during the entire development stages of tropical cyclone GAEMI, which occurred in the western North Pacific (WP) in 2018.

Zheng 2024). Then, multi-task methods were compared:
SGAN (Gupta et al. 2018), GBRNN (Alemany et al. 2019),
MMSTN (Huang et al. 2022), MGTCF (Huang et al. 2023),
and TAM-CL (Li et al. 2024). Next, NWPs method (CMO
2019), used by official meteorological agency, China Central
Meteorological Observatory (CMO), was compared. Last,
the large-scale model Pangu (Bi et al. 2023) was compared.
As shown in Table 3, our approach outperforms the state-of-
the-art deep learning model MGTCF and the NWPs method
used by CMO across all metrics. TC-Diffuser demonstrates
superior performance over MGTCF by 11%∼48% in trajec-
tory, 18%∼71% in pressure, and 6%∼71% in wind speed
forecasting. Additionally, TC-Diffuser shows significant im-
provements in long-term predictions (12, 18, 24-hour), with
smaller gains at 6-hour. This is due to MGTCF predicting
TC attributes every six hours. In contrast, we predict four
future time steps simultaneously, reducing error accumula-
tion. TC-Diffuser achieves these significant improvements
with less training time but a bit longer inference time than
other deep learning methods. This is due to the unique multi-
step denoising mechanism of the diffusion model. Given
that the task is to predict the next 6 hours’ TC attributes,

this is acceptable. The only one outperforming TC-Diffuser
is Pangu’s 24-hour trajectory forecasting. However, TC-
Diffuser achieve higher or equivalent accuracy compared to
large-scale models with much less model parameters and
time cost, demonstrating its efficiency.

Remarkably, our method for the first time surpasses the
typical NWPs model used by CMO in all metrics with only
one A6000. This is a critical point, which proves that deep
learning models can outperform NWPs methods with much
smaller computational resources.

3.4 Qualitative Evaluation
Qualitative analysis of the trajectory forecasting. We vi-
sualize and compare our trajectory forecasting results with
those of the SOTA deep learning method MGTCF. Fig-
ure 3(a) demonstrates our model’s ability to accurately pre-
dict diverse trajectory variations, which showcases the ver-
satility of our method. Besides, we depict the entire devel-
opmental stages of GAEMI occurred in the WP in 2018. It
is important to note that our task primarily focuses on short-
term forecasting. However, through multiple tests, the re-
sults in Figure 3(b) can be effectively achieved. In summary,
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Figure 4: Visualization of the uncertainty reduction process of predicted TC attributes for three attributes (trajectory, pres-
sure, wind speed), sampled at diffusion step k. Cyan dashed lines represent the predictions of 6 tendencies, solid lines represent
GT. The prediction results are represented as a Gaussian distribution with uncertainty, illustrated in the blue area. Simultane-
ously, the corresponding uncertainty quantification scores are given.

Figure 5: Visualization of prediction results when using the wrong FD or FID in testing. The left eight figures: the trajectory
prediction results using the real and wrong FD (8 directions, as detailed within blue rectangular boxes). The right four figures:
the pressure prediction results using the real and wrong FID (4 situations, as detailed within green rectangular boxes).

TC-Diffuser performs well in trajectory forecasting.
Visualization of the uncertainty reduction process. Our

testing process, leveraging the denoising mechanism of the
diffusion model, is a reverse diffusion process, which trans-
forms a high-uncertainty prediction distribution into one fo-
cused on the low-uncertainty ground truth (GT). As shown
in Figure 4, we demonstrate how our predictions align with
the ground truth, including 3 attributes. To objectively ob-
serve uncertainty reduction, we also provide an uncertainty
quantification method. The uncertainty quantification (UQ)
score is the MSE loss between six prediction results and GT.
The results show that our model successfully reduces uncer-
tainty and achieves accurate, reliable predictions.

3.5 Discussion about Expert Knowledge
Future move Direction (FD) refers to the future move di-
rection of TC trajectory, while Future Intensity change
Direction (FID) indicates pressure change trend. FD&FID
are expert knowledge derived from historical 1D data. How-
ever, real-time expert knowledge acquisition may not be fea-
sible. Thus, although trained with real FD&FID, our model
was tested using the wrong FD&FID. As shown in Figure 5,
comparing predictions with real and incorrect FD&FID, the
impact on results is negligible. In summary, TC-Diffuser
takes into account expert knowledge successfully by training
and still keeps accuracy in applications, even with wrong ex-
pert knowledge. Thus, random FD&FID values can be used
in application. (See quantitative experiments in supplemen-
tary material.) This showcases our model’s high robustness.

4 Conclusion & Discussion

In this paper, we proposed a novel Bi-condition multi-modal
diffusion model for TC forecasting. It improves the range
of guidance information that the diffusion model can ac-
cept through well-designed Bi-condition, thus achieving ac-
curate predictions with low uncertainty. Considering the in-
terdependence of multiple attributes, we propose two condi-
tion generators to obtain shared and specific conditions (Bi-
condition) that consider the commonalities and characteris-
tics. To reduce the semantic gap between modalities, we in-
troduce the PGSA-LSTM module to discover mappings be-
tween them. Our performance significantly outperforms the
current state-of-the-art deep learning methods and the NWPs
method used by China Central Meteorological Observatory.

Generalizability. Test results from five other oceans are
in supplementary materials. The prediction errors decreased
or remained equivalent. This suggests our architecture is ap-
plicable to TCs in various oceans and is generalizable.

Robustness.TC-Diffuser maintains high accuracy with
most input missing. The original input includes 48 hours’
data of 1D, 2D, Env, and Age. With only 24 hours of 1D
data, prediction errors decrease by 3% for trajectory and 1%
for pressure and wind speed.

High computational efficiency. Compared to NWP mod-
els and large models, TC-Diffuser achieves higher or equiv-
alent accuracy with faster inference and much less training
time. TC-Diffuser achieves higher accuracy with inference
times comparable to other deep learning methods.
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