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Abstract

Point cloud-based 3D single object tracking (3D SOT)
plays a pivotal role in applications such as autonomous
driving and robotic vision. Despite recent progress, most
existing approaches rely solely on current-frame features
for target localization. This approach overlooks temporal
information that is crucial for robust tracking under occlu-
sion, appearance variations, and sparse point clouds. In
addition, the effectiveness of 3D SOT largely depends on
the quality of feature fusion between the target template and
the search region. Traditional fusion strategies often suffer
from limited interaction capacity and weak discriminative
representation. To address these challenges, we propose
DT-Tracker, which performs multi-layer bidirectional fea-
ture interaction and temporal cue propagation to improve
tracking robustness and feature discrimination capability.
Specifically, we introduce a Dual-Context Propagation Net-
work that applies bidirectional cross-attention across mul-
tiple layers between the template and search region, en-
abling deep semantic alignment and progressive feature
refinement. Furthermore, we design a Temporal Context
Fusion module that adaptively incorporates temporal cues
from historical fusion features into the current frame, ef-
fectively improving resilience to occlusion and appearance
drift. Extensive experiments on the KITTI and nuScenes
datasets demonstrate that DT-Tracker achieves competitive
results compared to existing representative methods.

1. Introduction

3D Single Object Tracking (3D SOT) has garnered increas-
ing attention due to its wide applicability in fields such as
autonomous driving [15, 18], visual surveillance [19], aug-
mented reality [26] and robotic vision [2]. With the prolifer-
ation of 3D sensors like LIDAR, point cloud-based 3D SOT
methods [8, 23, 29, 33, 34] have become a research hotspot
recently. The task aims to continuously estimate the target’s
position in each subsequent frame, given its initial state.
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Among existing approaches, the Siamese network-based
appearance matching paradigm [8, 10, 21, 23, 33] is widely
adopted for its structural simplicity and stable performance.
SC3D [8] is a representative method that pioneered the use
of 3D Siamese architectures for proposal-based matching.
P2B [23] further improved tracking efficiency and accu-
racy by employing end-to-end training along with a Hough
voting scheme [22]. However, most of these methods rely
solely on the current frame for target localization, ignoring
valuable temporal information from previous frames. This
limitation renders them less robust in challenging scenar-
ios such as occlusion, appearance variations, and sparse ob-
servations. On the other hand, motion-centric methods fo-
cus on inter-frame dynamics. For example, M2-Track [34]
segments target point clouds from two consecutive frames
using prior predictions, applies offset regression for coarse
prediction, and subsequently refines the results. While this
strategy is effective in dynamic environments, it may be
vulnerable to displacement variations across datasets and
shows reduced efficiency when tracking large-scale ob-
jects [29]. More recently, efforts have emerged to incorpo-
rate temporal modeling into 3D tracking. STDA [30] intro-
duces a temporal completion module, but its reliance on ex-
ternal detectors hinders end-to-end optimization and results
in discontinuous template matching. STTracker [5] aggre-
gates historical features in Bird’s Eye View (BEV) space to
improve robustness to occlusion and deformation. Nonethe-
less, it depends on voxelized representations and treats all
historical frames equally, which neglects finer point-level
structures and temporal saliency.

Meanwhile, feature fusion remains a critical compo-
nent of 3D SOT systems. Approaches such as P2B [23]
and PTT [24] utilize cosine similarity for target-guided fu-
sion, while methods like BAT [33], DMT [28], and GLT-
T [21] incorporate geometric information from bounding
boxes. Despite their success, most existing methods adopt
unidirectional fusion—typically using template features to
guide the search branch—while ignoring reciprocal guid-
ance. Moreover, their interactions often occur only at shal-
low levels, limiting semantic complementarity and contex-
tual depth. Transformer-based trackers, such as LTTR [3],



PTTR [35], Inception-Track [17], and OSP2B [20], employ
cross-attention to align features between the template and
search regions. However, their fusion is often restricted to
early network layers, where features carry limited seman-
tic information. This shallow-level fusion tends to repeat-
edly integrate low-level patterns, resulting in redundant in-
formation and underutilization of richer semantic context
from deeper layers. STNet [11] introduces iterative cross-
attention for deeper interaction, but it still lacks adaptive
refinement of template features. Similarly, MCSTN [6]
performs multi-level correlation-based enhancement. How-
ever, it is unable to effectively enable bidirectional interac-
tion, as the process of voxelization leads to a loss of resolu-
tion

To address these limitations, we propose DT-Tracker, a
novel 3D tracker that integrates a Dual-Context Propagation
Network (DCP-net) and a Temporal Context Fusion (TCF)
module. Specifically, we begin by extracting geometric-
semantic features from the template and search point clouds
using a shared-weight backbone. Then, DCP-net performs
multi-layer bidirectional cross-attention, allowing mutual
guidance between template and search features at each
layer. After that, the TCF module captures temporal depen-
dencies by propagating informative cues from historical fu-
sion features to the current frame, which enables the tracker
to better handle occlusion, appearance changes, and spatial
continuity across frames. Finally, the refined and discrimi-
native fused features are passed to a target localization head
for final prediction. Extensive experiments on the KITTI [7]
and nuScenes [ 1] benchmarks confirm the effectiveness and
generalization of our approach.

In summary, our main contributions are: (1) We pro-
pose an end-to-end 3D single object tracker, DT-Tracker,
which effectively leverages temporal information and at-
tention mechanisms to mitigate performance degradation
caused by significant target appearance changes and in-
sufficient feature fusion. (2) We design a Dual-Context
Propagation Network that simultaneously performs cross-
guidance between template and search region at each layer
and densely aggregates features across layers, generating
discriminative target-specific fusion features. This module
significantly improves deep semantic consistency and struc-
tural alignment in feature fusion. (3) We design a Temporal
Context Fusion module that integrates target feature cues
from previous frames into the current search region features
via cross-attention, enhancing the model’s temporal aware-
ness and adaptability to target motion changes.

2. Related Work
2.1. Appearance-Based 3D Object Tracking

Appearance-based tracking methods rely on comparing se-
mantic features between the template and search regions,

typically using Siamese architectures. Early works like
SC3D [8] propose using shape completion to regularize
candidate-template matching. P2B [23] introduces a point-
wise matching scheme and employs Hough voting [22] for
target center estimation. PTT [24] enhances P2B by in-
jecting self-attention into the VoteNet-based detection head
for improved local context modeling. BAT [33] proposes
a box-aware feature that encodes point-to-box distances to
capture instance-specific geometric cues. V2B [10], in con-
trast, does not follow the point-wise voting strategy. In-
stead, it voxelizes point clouds and maps them to a BEV
(Bird’s Eye View) representation for target localization via
a voxel-to-BEV regression head. Similarly, LTTR [3] sep-
arately encodes template and search point clouds into BEV
spaces and fuses them using Transformer layers to enhance
long-range spatial context modeling. Recent works further
improve template-search interaction. STNet [1 1] constructs
an encoder-decoder network using self-attention and cross-
attention mechanisms, and employs an attention mechanism
to capture the robust cross-correlation between the tem-
plate and search regions. GLT-T [21] redesigns the vote
proposal strategy to overcome limitations of single-seed
guidance in VoteNet [22]. Li et al. [16] introduce a pre-
segmentation module that incorporates bounding box size
cues and leverages both siamese cross-attention and self-
attention mechanisms to suppress background interference
during feature encoding. Departing from the two-stream
structure, OST [32] concatenates template and search point
clouds and feeds them jointly into a shared Transformer,
enabling the model to extract interaction-aware features in
a unified encoding process without requiring explicit corre-
lation modules.

Our DT-Tracker follows the appearance matching
paradigm, but extends it by incorporating temporal con-
text and dual-directional attention, enhancing feature dis-
criminability under challenging scenarios such as occlu-
sion, sparsity, and appearance drift.

2.2. Motion-Based 3D Object Tracking

Motion-based tracking methods leverage temporal cues
across frames to improve robustness in scenarios involv-
ing occlusion, sparsity, or appearance changes. In contrast
to appearance-only paradigms, these approaches explicitly
model the dynamics of the target object. M2-Track [34]
addresses motion by segmenting targets from two consecu-
tive frames and applying offset regression with a refinement
step. SETD [25] presents a unified framework that couples
target discrimination with state estimation. It extends the
Lucas-Kanade algorithm to 3D tracking by learning incre-
mental warp parameters through a deep network, enabling
continuous refinement of target states. DMT [28] intro-
duces a lightweight, detector-free tracker that relies purely
on motion prediction. It estimates a coarse target center



using previous states and refines the result through an ex-
plicit voting module, achieving efficient and accurate track-
ing without 3D detection heads. RDT [12] approaches mo-
tion modeling from a registration perspective. By predict-
ing a rigid transformation between the template and search
areas, it spatially aligns point clouds before feature aggre-
gation. This registration-driven design enhances tracking
accuracy by ensuring geometric consistency across frames,
particularly in ambiguous or sparse conditions.

While the adoption of motion cues significantly im-
proves robustness, this paradigm still faces challenges. It
remains difficult to accurately predict target motion within
sparse and noisy point clouds [32], and performance may
degrade under large displacements or scale variations [29].

2.3. Feature Interaction Strategies

Feature fusion plays a pivotal role in determining 3D SOT
performance. Recent works have sought to enhance the in-
teraction between the template and search regions. For in-
stance, P2B [23] and PTT [24] employ cosine similarity
for target-guided fusion, while BAT [33] and GLT-T [21]
incorporate geometric priors derived from bounding box
cues. However, their reliance on handcrafted similarity
metrics or static geometric encodings limits their capacity
to model complex interactions, making them less adapt-
able to appearance variations, occlusions, or spatial am-
biguity. Moreover, compared to Transformer-based meth-
ods, these conventional strategies lack sufficient capac-
ity for modeling long-range dependencies or multi-level
semantics. To overcome these limitations, Transformer-
based methods introduce more expressive attention mech-
anisms. Trackers such as LTTR [3], PTTR [35], Inception-
Track [17], and OSP2B [20] leverage cross-attention to en-
hance feature alignment, though often restricted to early
layers—potentially leading to information redundancy and
underutilized deep context. STNet [11] enhances this by
employing iterative cross-attention across layers, but still
lacks adaptive mechanisms for template feature refinement.
MCSTN [6] improves multi-level correlation using voxel-
based attention, yet fails to effectively enable bidirectional
interaction due to resolution loss from voxelization.

To address these limitations, we propose the Dual-
Context Propagation Network, which performs feature fu-
sion via multi-layer bidirectional cross-attention for mutual
guidance between template and search features. This de-
sign enables deep symmetric interaction and improves the
discriminability of fused features. Ablation studies confirm
the advantage of bidirectional attention in modeling robust
point cloud relationships for tracking.

2.4. Temporal Modeling in Point Clouds

While appearance-based tracking methods mainly rely on
current-frame features, robust performance in complex sce-

narios increasingly demands effective temporal modeling.
Recently, work has started to attempt to introduce tempo-
ral modeling into 3D SOT. STDA [30] introduces a tempo-
ral motion completion module, but its reliance on external
detectors hinders end-to-end training, and its direct jump
from the initial template to the current frame compromises
temporal continuity. STTracker [5] fuses multiple historical
BEV features to enhance robustness under occlusion and
appearance change. However, it discards point-level struc-
tural detail and treats all history frames with equal weight,
limiting adaptiveness.

To address these issues, we introduce the Temporal Con-
text Fusion module. The TCF module leverages histori-
cal fusion features to extract and propagate temporal cues
via cross attention, adaptively emphasizing informative past
frames. This enables better handling of occlusion, appear-
ance drift, and structural variation. By incorporating tem-
poral context into current-frame representations, our model
enhances long-sequence coherence and improves robust-
ness under dynamic conditions.

3. Proposed Method

Problem Definition. Given a 3D point cloud template and
a sequence of search region point clouds, the goal of 3D
single object tracking is to localize the target by estimating
its 3D bounding box {z,y, 2,1, w, h, 8} in each frame. The
tracker receives the initial state and point cloud of the target
in the first frame and must continuously estimate its state in
subsequent frames.

3.1. Overview of DT-Tracker

Fig. 1 (a) illustrates the overall architecture of DT-Tracker.
In point cloud-based 3D SOT, the target state is typi-
cally represented by a 3D bounding box parameter set
{x,y,2,l,w,h,0} € R7, where (z,y, z) denotes the cen-
ter, (I, w, h) denotes the dimensions, and # denotes the ori-
entation angle. Since the target’s 3D size remains constant
or changes minimally across frames, only (z,y, z,6) € R*
need to be estimated. Given the target’s initial state and
corresponding template point cloud (/V; points), we predict
its state within the search region point cloud (N points) of
each frame.

As shown in Fig. 1 (a), DT-Tracker first employs a
shared-parameter Siamese Point Transformer backbone, as
in [11], to extract rich geometric and semantic features from
the template and search point clouds, yielding template fea-
tures F, € RNtXC and search features F, € RN:xC,
Specifically, we fuse both geometric features that capture
local shape structures and semantic features that encode
high-level appearance information from the template and
search regions through bidirectional attention. These fused
representations are then input to the Dual-Context Propa-
gation Network (DCP-net). Within DCP-net, features are
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Figure 1. The overall architecture of the DT-Tracker. First, there is a shared-weight backbone that extracts geometric-semantic features
from the template point cloud and search region point cloud. Then, the Dual-Context Propagation Network comes into play, which performs
multi-layer bidirectional cross-attention (enabling mutual guidance between template and search features) and local self-attention (LSA)
for progressive feature refinement and structural alignment. After that, the Temporal Context Fusion module is used, which aggregates
historical fused features from T previous frames via cross-frame attention to enhance temporal continuity and handle occlusion/appearance
changes. Finally, the refined features are fed to a localization head for 3D bounding box prediction. “+” indicates element-wise addition,

“S” denotes stacking, and “~” represents channel-wise subtraction.

updated via layer-wise bidirectional cross-attention, fol-
lowed by Local Self-Attention (LSA) to capture local con-
text. To further enhance temporal consistency and dy-
namic compensation, we introduce the Temporal Context
Fusion (TCF) module after DCP-net. The TCF module
takes the current frame’s fused features and corresponding
coordinates, aligns and fuses them with features and coor-
dinates from the previous 7" frames, outputting temporally
enhanced features. Finally, these features are fed into a lo-
calization head to predict the target’s 3D bounding box.

3.2. Feature Extraction Backbone

To extract discriminative features from sparse point clouds,
we adopt the Siamese Point Transformer backbone from
STNet [11]. This encoder-decoder architecture incorporates
attention mechanisms to jointly capture fine-grained local
geometries and holistic shape context.

As illustrated in Fig. 1, the backbone processes the tem-
plate and search region point clouds via two shared-weight
branches. The network hierarchically downsamples each
input to extract multi-scale features and then applies upsam-
pling layers to recover high-resolution representations. The
final outputs are the template features F;, € RN:*¢ and
search features Fy, € R™=*C_ which encode both local ge-
ometry and global context, providing a rich representation
for subsequent matching and localization tasks.

3.3. Dual-Context Propagation Network

Effective feature interaction between template and search
regions is crucial for accurate 3D tracking, as it enables the
network to leverage semantic correspondences for robust
localization. However, existing methods often process the
two branches independently, missing important contextual
alignment and mutual guidance. To address this, we pro-



pose the Dual-Context Propagation Network. Given tem-
plate features F; and search features F'; with their coordi-
nates P(T) and P(%), DCP-net enhances cross-region inter-
action through three modules: Dense Feature Propagation
to retain low-level geometric details, Bidirectional Cross-
Attention for mutual feature guidance, Local Refinement to
preserve spatial consistency.

Deep interaction in point-based networks often leads to
the loss of fine-grained geometric details due to the progres-
sive weakening of spatial structure. To alleviate this, we ap-
ply dense connection [6] which inspired by [9] in the search
branch by summing previous layer outputs. Specifically, the
search input at layer [ is computed as:

-1

Fi*) =3 "F® (1)

=0

where F(()S) = F. This design allows geometric cues from
shallow layers to directly influence deeper representations,
mitigating information loss and promoting structural con-
sistency.

To facilitate mutual adaptation between the template and
search branches, we employ a bidirectional cross-attention
mechanism. Each branch leverages contextual cues from
the other for progressive refinement:

f‘l(T) = Cross-Attention(Q = Ff)lWT,
K=FIWELV=F W)
f‘l(s) = Cross—Attention(Q = FZ(S)WS ,
K=F Wi, V=F W) 0

where W denotes the projection matrices. Here, the tem-
plate branch uses its previous output as the query to at-
tend to the search features, while the search branch uses
a densely propagated representation as the query to capture
updated cues from the template. This symmetrical inter-
action ensures bidirectional semantic alignment and cross-
branch complementarity.

While cross-attention captures global context, it may di-
lute fine-grained spatial structures. To preserve local ge-
ometry, we refine features via Local Self-Attention (LSA)
within each point’s local neighborhood. This module inte-
grates both feature and positional cues from & nearest neigh-
bors in 3D space. Defining position-enhanced features as:

PO =F" 1 o(p™),

N = N (B + (N (PD)) 4)
PO —F9 4 o(PO),
N = N (F) + (N (PO)) (5)

The local attention operations are then expressed as:

F{") = Self-Auention(Q = F{"'W{,
K= N"WEV=N"WE) @
F(*) = Self-Attention (Q = F[* W,

K=NOWEv=NwWE) o

where ¢(-) denotes a learnable MLP applied to 3D coor-
dinates for positional encoding. Nj(-) represents the k-
nearest neighbor operator based on Euclidean distances in
3D space. The query Q is derived from the center point,
while keys and values are aggregated from its local neigh-
bors. Multi-head attention is applied followed by residual
MLP and normalization for refinement.

Since higher layers encode richer semantic relationships
through progressive refinement, the final fused feature is
taken from the output of the last layer.

3.4. Temporal Context Fusion

Relying solely on single-frame features is insufficient under
occlusion or drastic appearance changes. Therefore, after
spatial semantic modeling via DCP-net, we design a Tem-
poral Context Fusion module to enhance temporal consis-
tency by fusing historical frame features.

As shown in Fig. 1, the TCF module takes the current
frame ¢’s fused feature map F; € RV=* (output of DCP-
net) and corresponding 3D coordinates P, € RY:*3 ag
input. It utilizes a Memory Bank storing fused features
{F¢_1,...,F;_1} and their corresponding 3D coordinates
{Pi_1,...,P;_1} from the recent T frames. TCF first ap-
plies linear projections to generate Query (Q,), Key (K}(js)t),

and Value (V}(ﬁjs)t) vectors for the current frame and each his-
torical frame j € {t — T,...,t — 1}:

Q=FWq Kl =FWg V[=FWy
®)
For each historical frame j, a channel-wise attention mech-
anism computes point-wise matching weights between the
current frame and frame j. Specifically, for point ¢ in the
current frame and point m in frame j, the attention score
considers feature similarity and spatial position difference:

65573, = MLPgcore (qt,i - kl(i)t,m + ¢(pt,i - pj,m)) 9
where qq ; is the query feature of current point 4, k}(ﬁjs)t_m is
the key feature of point m in frame j, x; and xj7n;, are
their 3D coordinates, ¢ is a positional encoding function
(e.g., sinusoidal or MLP), and MLPq. consists of two lin-
ear layers and one nonlinear ReLU. Scores are normalized



per historical frame j via softmax:
4 ()
agrz _ Z exp(ez(m()j) ) (10)
m’ eXp eim’

The aggregated feature for current point ¢ from frame j is:
8= alvilim (1)

This yields aligned features £f(/) € RN=*® for each history
frame j.

To weight different historical frames, the aligned fea-
tures {£¢=7) ... £(¢=1} are stacked along a new dimen-
sion. The current frame features are projected as the query
via Qpame = FtWy,, and each historical frame feature
£ is projected as the key via Kame,j = f9) W, where
j =t—T,...,t—1. Then, the frame-level attention weights
are computed as:

wj; = MLPgryme ([erame; Kframe,j]) 3 (12)
_ exp(wy)

Bj T i1
> h—t—7 xp(wk)

The final temporally enhanced feature is obtained via
weighted fusion and residual connection:

. j=t—T,...,t—1 (13)

t—1

Fimp =Fot Y GV (14)
j=t—T

Here, MLPqe and MLPyy,e are both two-layer percep-
trons with ReLU activation, mapping C-dimensional inputs
to scalar weights.

The TCF module can adaptively integrate semantic cues
from history, enhancing temporal continuity and robustness.
Fiemp is used by the localization head to predict the target’s
3D box.

3.5. Localization Head

To regress the 3D target state from temporally fused fea-
tures, we follow STNet [11] and adopt the voxel-to-BEV
localization framework introduced in V2B [10]. Point-wise
features Fiemp € RY=X are first voxelized into a regular
grid and compressed along the Z-axis to form a BEV repre-
sentation, which is then processed by a 2D convolutional
decoder with three output branches: a heatmap head for
center classification, an offset-rotation head for local refine-
ment, and a Z-coordinate head for height prediction. Fol-
lowing [10], the total loss is defined as:

»Ctotal = )\1 »Cshape + )\2 (»Ccenter + »Coff) + >\3»Cz (15)

where A1, A2, and A3 are hyperparameters balancing shape
generation, 2D center and offset regression, and z-axis po-
sition regression, respectively. The detailed formulations of
each loss component and the specific hyperparameter set-
tings can be found in [10].

4. Experiments
4.1. Experimental Settings
4.1.1 Dataset

We conduct our experiments on two widely used bench-
marks for 3D single object tracking: KITTI [7] and
nuScenes [1], which together offer sufficient diversity to
evaluate tracking performance across varied driving condi-
tions. KITTTI dataset provides front-view LiDAR and high-
resolution camera data in urban driving scenarios, while
nuScenes dataset offers full-surround 360° LiDAR cover-
age and richer annotations, including object attributes and
trajectory information. Following the dataset splits used
in previous studies [11, 23, 33], we divide the 21 train-
ing sequences of the KITTI dataset into training (sequences
0-16), validation (sequences 17-18), and test (sequences
19-20) sets. The nuScenes dataset contains 700 training and
150 validation sequences. Following [10, 11], we use the
model trained on the KITTI and evaluate it on the nuScenes
validation set to assess its generalization.

4.1.2 Implementation Details

We adopt STNet [11] as our baseline. We sample N; = 512
template points and N, = 1024 search points, which are fed
into the model as input. The backbone adopts the design of
STNet [11], while the regression head follows the design of
V2B [10]. For the proposed DCP-net, we set the number of
layers to I = 2 and the local self-attention (LSA) neighbor-
hood size to k = 48. The cross-attention modules adopt the
linear-complexity Transformer architecture from [13], with
2 attention heads. For the TCF module, we set the history
length to T'" = 3. The final output feature has a dimension
of 1024 x 32.

4.1.3 Evaluation Metrics

We use Success and Precision from One Pass Evaluation
(OPE) [14]. Success measures the Area Under the Curve
(AUC) of the 3D Intersection over Union (IoU) between
predicted and ground-truth boxes. Precision measures the
AUC of the distance threshold success plot for center dis-
tance errors within [0, 2] meters.

4.2. Results on KITTI

We evaluate DT-Tracker on the KITTI benchmark (Table 1),
comparing it with recent methods across four categories:
Car, Pedestrian, Van, and Cyclist, including [5, 11, 16, 21,
31, 32], etc. DT-Tracker achieves the highest Success rate
on Car (72.7%) and Van (59.9%), and the second-best Suc-
cess on Cyclist (74.4%). It also attains the highest Preci-
sion on Car (84.6%), Van (71.1%), and Cyclist (94.2%),



Table 1. Performance comparison on the KITTI and nuScenes datasets. Success/Precision are reported per category, and the mean is

weighted by frame count. Best results are marked in bold.

KITTI nuScenes
Method Car Pedestrian Van Cyclist Mean Car Pedestrian Truck Bicycle Mean
6424 6088 1248 308 14068 15578 8019 3710 501 27808
SC3D[8] 41.3/579  18.2/37.8  40.4/47.0 41.5/70.4 31.1/48.5 25.0/27.1 14.2/162  25.7/21.9 17.0/182  21.8/23.1
P2B[23] 56.2/72.8  28.7/49.6  40.8/48.4  32.1/4477 42.4/60.0 27.0/29.2  15.9/22.0  21.5/16.2  20.0/26.4  22.9/25.3
LTTR[3] 65.0/77.1  33.2/56.8  35.8/45.6  66.2/89.9  48.7/65.8 - - - - -
PTT[24] 67.8/81.8  44.9/72.0  43.6/52.5 37.2/473 55.1/742 - - - - -
BAT[33] 60.5/77.7  42.1/70.1  52.4/67.0 33.7/454  50.0/69.9  22.5/24.1 17.3/245  19.3/15.8  17.0/18.8  20.5/23.0
V2B[10] 70.5/81.3  48.3/73.5  50.1/58.0 40.8/49.7 58.4/75.2  31.3/35.1 17.3/234  21.7/16.7  22.2/19.1  25.8/29.0
SMAT[4] 71.9/82.4  52.1/81.5 41.4/532 61.2/87.3  60.4/79.5 - - - - -
STNet[11] 72.1/84.0  49.9/77.2  58.0/70.6  73.5/93.7  61.3/80.1  32.2/36.1 19.1/27.2  22.3/16.8 21.2/29.2  26.9/30.8
MLSENet[27] 69.7/81.0  50.7/80.0  55.2/64.8 41.0/49.7  59.6/78.4 - - - - -
GLT-T[21] 68.2/82.1  52.4/78.8  52.6/62.9 68.9/92.1 60.1/79.3 - - - - -
STTacker[5] 66.5/79.9  60.4/89.4  50.5/63.6 75.3/93.9  62.6/82.9 - - - - -
CDTracker[31] 71.7/83.1  49.2/759  51.7/62.3  71.2/93.2  60.2/78.4 - - - - -
Li’s method[16] 70.3/82.0  57.1/83.9  48.4/56.9  73.71/94.0  62.7/80.9 - - - - -
OST[32] 72.0/842  51.4/82.6  57.5/682 49.2/60.4 61.3/81.6 26.6/28.0  14.8/16.2  19.3/1477 17.0/16.4  22.1/22.6
DT-Tracker(Ours)  72.7/84.6  52.6/78.5  59.9/71.1 74.4/94.2 62.8/80.9 32.6/36.7 19.6/27.4  22.0/16.6  21.7/30.1  27.2/31.2
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Figure 2. Visualization of tracking results on KITTI dataset. We compare our DT-Tracker with STNet[11], and show the cases of Car,

Pedestrian, Van and Cyclist categories.

indicating strong localization accuracy across these cate-
gories. For the Pedestrian category, DT-Tracker achieves
a Success of 52.6% and Precision of 78.5%, showing clear
improvements over the baseline STNet [1 1], but there is still
room for enhancement in this category, suggesting that fu-
ture enhancements may focus on better handling small, de-
formable, or highly occluded pedestrian targets. In terms of
overall performance, DT-Tracker achieves the highest mean
Success (62.8%) and a strong mean Precision (80.9%), sur-
passing most compared methods. Compared to the base-
line STNet [11], DT-Tracker improves Success by +0.6%
on Car and shows consistent gains across all categories. For
visualization, we report the comparison results between our
method and baseline on the KITTT dataset in Fig. 2, cov-

ering Car, Pedestrian, Van and Cyclist categories. Further-
more, despite both utilizing temporal context, DT-Tracker
outperforms STTracker [5] in three out of four categories
and achieves a higher overall Success, demonstrating the ef-
fectiveness of our dual-context design and temporal fusion
strategy.

4.3. Results on nuScenes

We evaluate DT-Tracker on the more challenging nuScenes
dataset, which features a lower annotation frequency (2 Hz
vs. KITTI’s 10 Hz) and more diverse, complex scenes.
Our model, trained solely on KITTI, is compared with sev-
eral representative methods, including [8, 10, 23, 33], to
assess its cross-dataset generalization. As shown in Ta-



ble 1, DT-Tracker achieves the highest Success on Car
(32.6%) and Pedestrian (19.6%), and the highest Precision
on Car (36.7%), Pedestrian (27.4%), and Bicycle (30.1%).
In terms of overall performance, DT-Tracker obtains the
highest mean Success/Precision of 27.2% / 31.2%. Com-
pared with the baseline STNet [11], DT-Tracker improves
mean Success from 26.9% to 27.2%, and mean Precision
from 30.8% to 31.2%, demonstrating stronger generaliza-
tion despite no access to nuScenes data during training. The
relatively modest gains may be attributed to both the lower
annotation frequency and the greater scene complexity in
nuScenes.

4.4. Running speed

We evaluate runtime on the KITTI car category using a sin-
gle RTX 4090 GPU. DT-Tracker achieves 17 FPS, includ-
ing 7.3ms for data processing, 48.2ms for network forward
propagation, and 3.4ms for post-processing, and STNet [11]
reaches 20 FPS under the same platform. Despite the added
dual-context and temporal fusion computations, our tracker
remains real time with improved robustness.

Table 2. Ablation study of the impact of DCP-net and TCF mod-
ules on Car and Van categories.

DCP-net TCF module Car Van
X X 72.1/84.0 58.0/70.6
ve X 72.4/84.2 59.1/70.8
X v 72.6/84.4 59.5/71.0
v v 72.7/84.6 59.9/71.1

Table 3. Comparison of different layer numbers (L) and attention
directions in DCP-net on Car and Van categories.

I Bi-direction Single

Car Van Car Van
1 71.8/83.7 58.1/70.3 71.2/83.3 57.4/69.3
2 72.7/84.6 599/71.1 71.8/83.8 59.3/70.7
3 72.4/842 59.2/70.8 71.5/83.6 58.8/70.0

4.5. Ablation Studies
4.5.1 Component-wise Contributions

We conduct ablation experiments on the Car and Van cat-
egories of the KITTI dataset to evaluate the contributions
of the Dual-Context Propagation Network (DCP-net) and
the Temporal Context Fusion (TCF) module. As shown
in Table 2, using only DCP-net yields 72.4%/84.2% (Suc-
cess/Precision) on Car and 59.1%/70.8% on Van. The
standalone TCF module achieves 72.6%/84.4% on Car and

Table 4. Impact of varying the number of historical frames (7") in
the TCF module on Car and Van categories.

T Car Van

2 72.2/84.2 58.7/70.7
3 727/84.6 5909/71.1
4 723/84.3 59.2/70.9

59.5%/71.0% on Van. When combining both components,
DT-Tracker achieves the best results: 72.7%/84.6% on Car
and 59.9%/71.1% on Van. These results demonstrate that
DCP-net and TCF are complementary and both contribute
to the overall performance.

4.5.2 Impact of Network Depth

We further evaluate the effect of DCP-net configurations
by varying the number of layers (L) and comparing bidi-
rectional versus unidirectional attention (Table 3). Across
all settings, bidirectional attention consistently outperforms
its single-direction counterpart, confirming the benefit of
symmetric feature interaction. The optimal configuration
is L = 2 layers with bidirectional attention, achieving
72.7%/84.6% on Car and 59.9%/71.1% on Van. Increas-
ing to L = 3 leads to a slight drop in performance, possibly
due to feature over-smoothing or redundant interactions.

4.5.3 Temporal History Length

We study the effect of the number of historical frames T’
used in the TCF module. As shown in Table 4, using T' = 3
achieves the best performance on both Car (72.7%/84.6%)
and Van (59.9%/71.1%). Reducing to T' = 2 lowers the re-
sults slightly, while increasing to 7" = 4 does not yield fur-
ther improvement. These results indicate that three history
frames provide a good balance between temporal context
and computational efficiency.

5. Conclusion

In this paper, we proposed DT-Tracker, a 3D object tracking
framework that integrates Dual-Context Propagation and
Temporal Context Fusion for robust spatiotemporal mod-
eling. Experiments on KITTI and nuScenes demonstrate
strong accuracy and cross-dataset generalization. While ef-
fective, DT-Tracker still lacks a mechanism to evaluate the
quality of historical frames. Future work will explore adap-
tive frame selection to retain informative frames and discard
redundant ones, improving both robustness and efficiency.
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