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Figure 1: The relationship between the quality of the probability map obtained by implicit segmentation and the final tracking
accuracy is still unclear in complex scenes. Sometimes a seemingly poor probability map may have higher precision than one
that appears better. We propose Fuse-Tracker with the EF-SAM model to enhance 3D object tracking accuracy by improving
the quality of the probability map.

Abstract

In 3D object tracking, the quality of the probabil-
ity map obtained from implicit segmentation is the most
critical factor affecting tracking accuracy. In this work,
we found that in the task of 3D object tracking, vi-
sion foundation models can assist traditional color his-
tograms in improving the prediction quality of proba-
bility maps. However, traditional color histograms can-
not be replaced entirely, even though their visual re-

*Corresponding Author

sults are unsatisfactory. In response to the character-
istics of the 3D object tracking, we modify the SAM
model to improve the precision of the predicted prob-
ability map, named Edge Filter SAM (EF-SAM). EF-
SAM can accurately calculate the probability values
near the object contours while improving the compu-
tational speed through the edge enhancement module
and knowledge distillation. Subsequently, we use a con-
cise fusion framework to integrate the probability maps
predicted by EF-SAM and traditional color histograms.
Based on the fused probability map, we estimate the ob-
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ject pose using traditional analytical optimization meth-
ods. In this way, we combine the advantages of feature
extraction from vision foundation models and the pre-
cision advantages of traditional optimization methods.
In the experiment, we compare our method with other
3D object tracking methods on the BCOT and RBOT
datasets and test the performance of 4 variants of SAM
in the 3D object tracking task. The results show that
the proposed method achieves SOTA results (71.6% vs
70.4% on BCOT dataset).

Keywords: 3D Object Tracking, Implicit Segmentation,
Pose Estimation

1. Introduction

Template-based monocular RGB 3D object tracking
aims to estimate the 6DoF (Degree of Freedom) pose of an
object relative to the camera in consecutive frames, given
the CAD model. The high precision and speed character-
istics of 3D object tracking make it a key technology in
practical applications [54], widely used in video assembly,
human-computer interaction, and robotics.

The core step of template-based texture-less 3D object
tracking is the implicit segmentation of the object fore-
ground. It does not directly segment the foreground object
but calculates the probability of image pixel points belong-
ing to the foreground and background. Then, the object
pose is estimated by maximizing the probabilities of the
foreground and background regions. However, the intrin-
sic connection between the segmentation quality and final
tracking accuracy remains unclear. As shown in Fig. 1, the
implicit segmentation result with poor visual quality (ob-
tained by calculating the color histogram [30]) can achieve
good accuracy. On the other hand, the segmentation result
with good visual quality (predicted by MobileSAM [48]) is
not optimal. The implicit segmentation results in the figure
are displayed using the probability map of the foreground.

Recently, the proposal of the vision foundation model of
segmentation [17] has shown the potential to replace tradi-
tional probability maps. However, vision foundation mod-
els usually focus on the extraction of general visual features
and semantic features. For 3D object tracking, the features
around the object contour are the key to tracking accuracy.
Existing vision foundation models of segmentation do not
pay special attention to this point. On the other hand, after
we obtain good features using vision foundation models,
appropriate solutions are required to combine the extracted
feature with the optimization methods in tracking.

Based on the abovementioned problems, we propose the
Edge Filter SAM (EF-SAM) model with an edge enhance-
ment module and knowledge distillation to calculate the ac-
curate probability map around the object contour. Then,
we propose a concise fusion strategy (Fuse-Tracker) and re-

think how implicit segmentation impacts 3D object tracking
and improves accuracy. Our contributions are summarized
as follows:

• We propose a high-efficiency and high-precision Edge
Filter SAM (EF-SAM) model, which uses an edge en-
hancement module to improve the accuracy of prob-
ability value in the regions near the object contours.
Meanwhile, we employ knowledge distillation to en-
hance the model’s computational speed while main-
taining performance.

• We use a concise fusion method (called Fuse-Tracker)
of the probability maps for traditional color histograms
and vision foundation models of segmentation, and
combine it with the traditional optimization method,
greatly enhancing the tracking accuracy of 3D objects.

• We conduct a detailed analysis of the impact of proba-
bility maps obtained from 4 SAM variants on tracking
accuracy. Our method achieves SOTA results on both
the BCOT and RBOT datasets.

2. Related Work

Our focus is on texture-less 3D object tracking based
on monocular RGB data. Around the research topic, we
will mainly introduce 3D object tracking, vision foundation
models of segmentation and the application of 3D object
tracking.

2.1. 3D Object Tracking

For 3D object tracking of textureless objects, keypoint
extraction is ineffective, allowing us to rely only on edge
or color features. Essentially, both methods align the ob-
ject’s projected contour with the image’s contour to opti-
mize the pose. The difference is that edge-based meth-
ods [15, 7, 34, 36] explicitly find correspondences between
edge points, while color-based methods (also named region-
based methods) [25, 37, 31, 14, 32] implicitly search for ob-
ject contours by maximizing foreground-background color
differences. Additionally, some methods fuse multiple fea-
tures [52, 19, 30, 51] to solve for object poses.

Another branch is the learning-based methods [22, 21,
6, 16, 47], which use deep neural networks to extract fea-
tures and optimize poses. This kind of method requires a
large amount of training data. Even though rendering can
generate a mass of synthetic data, the domain gap between
synthetic and real data still exists, leading to overfitting and
weak generalization performance of the network. Further-
more, the network’s deep features and structure still need
more scientific explanation. Thus, despite the advantages
of learning-based methods in feature extraction, their ac-
curacy, speed, and generalization performance still need to



catch up to optimization methods based on traditional fea-
tures due to the lack of a reasonable way to utilize features.
However, deep networks have been widely used for pose es-
timation based on the single frame [24, 10], as they do not
require very high precision.

There are also methods based on the depth camera
[35, 33, 44, 23] and multi-view cameras [18], which exhibit
higher tracking accuracy but have limited applicability.

2.2. Vision Foundation Model of Segmentation

Unlike traditional neural network-based segmentation
methods, the Segment Anything Model (SAM) [17] is
a prompt-based vision foundation model of segmentation
based on the Vision Transformer (ViT) [8]. SAM can seg-
ment objects prompted by points or bounding boxes, or au-
tomatically identify all objects in an image and generate
masks. The zero-shot generalization ability of SAM pro-
vides a new approach for calculating probability maps in
implicit segmentation for 3D object tracking tasks. How-
ever, the large number of parameters in SAM makes it un-
suitable for tasks like 3D tracking that require real-time per-
formance.

Lightweighting SAM is a crucial research direction in
the vision foundation model of segmentation. Among them,
FastSAM [50] uses the instance segmentation branch of
YOLACT [1] to replace SAM’s image encoder branch, re-
ducing its size and achieving a higher speed increase while
retaining accuracy. MobileSAM [48] uses TinyViT [42]
as the image encoder branch to reduce the number of pa-
rameters and uses knowledge distillation [12] on the en-
coder to decouple it from the decoder to improve accu-
racy while significantly increasing the computational speed.
EdgeSAM [53] replaces the image encoder branch with a
CNN branch and optimizes the promotion strategy. Effi-
cientSAM [45] adopts a self-supervised MAE method [11]
based on MobileSAM. In addition, some of the latest mod-
els [26, 49, 40, 46] have shown excellent results. Addition-
ally, methods [4, 3, 5] present work on SAM distillation and
its extended applications.

The 3D object tracking relies on the quality of implicit
segmentation around the object’s foreground. Although
SAM series models have strong segmentation capabilities,
they are still prone to incorrect segmentation results around
the object’s contour, significantly affecting tracking accu-
racy. Therefore, continued improvement is still needed for
scenarios of 3D object tracking, especially the segmentation
quality near the contour.

2.3. Applications of 3D Object Tracking

3D object tracking is widely used in robotics, augmented
reality, and human-computer interaction. Method [39] uses
3D object tracking for video assembly guidance, interacting
with users and give feedback. GBOT [20] further consid-

ers hand occlusion during object tracking and interaction.
ASDF [27] associates pose with status, improving percep-
tion accuracy and interactive experience. On the other hand,
SLAM [2] technology is also widely used in interaction,
helping users perceive the scene and interact through real-
time map construction and camera pose estimation. Re-
garding perceptual terminals, the Minilag Filter [28] uses
a lightweight back update and compensation strategy to im-
prove the visual performance of tracking.

For applications, pose estimation precision is the key to
user experience. Although template-based 3D object track-
ing has the advantages of high speed and high precision, its
tracking accuracy still needs to improve under complex con-
ditions such as similar foreground and background colors,
fast motion, and occlusion. We need to improve the accu-
racy further to enhance the user’s experience in the human-
computer interaction environment.

3. Method

This section will introduce the EF-SAM model and the
Fuse-Tracker, both of which aim to improve the tracking
accuracy of 3D objects.

3.1. Edge Filter SAM Model

The region around the object’s contour has the most sig-
nificant impact on the tracking accuracy of 3D objects [29],
as region-based methods require the reprojected contour to
be aligned as closely as possible with the implicit segmen-
tation contour. However, general vision foundation models
of segmentation do not usually pay special attention to the
contours of objects. When the background is complex, di-
rectly using a vision foundation model to segment the fore-
ground of the object often does not yield precise results in
the contour regions.

We propose the EF-SAM model, further improving the
SAM model’s inference speed while ensuring the segmen-
tation precision around the object contour. By implicitly
segmenting the image and integrating the Fuse-Tracker in
Sec. 3.2, EF-SAM model achieves a balance of speed and
accuracy of the vision foundation model.

The framework is shown in Fig. 2. An effective and
lightweight visual backbone is an important component in
the segmentation task. We leverage the feature extractor
of lightweight MaxViT-tiny [38] and integrate it into our
EF-SAM model as encoder. During image processing, EF-
SAM focuses on the quality of features near the object con-
tour. We propose the edge enhancing module including
feature amplifier and edge amplifier after the encoder to
process features, enhancing the module’s segmentation ca-
pabilities around the object contour regions and highlight-
ing the edges of objects. In addition, EF-SAM retains the
prompt-guided mask decoder from classical SAM [17] for
object segmentation.



Figure 2: The EF-SAM model. The image sequentially passes through the Downsampling Expansion module and the
MaxViT-tiny to obtain encoded features. Then, the Feature Amplifier and Edge Amplifier enhance the edge features near the
object contours. Specifically, Block represents operations includes reshape, permute, and contiguous, UNBlock represents
the reverse operations of Block, Relative Self-Attention represents the multi-head attention mechanism, FFN stands for the
Feed Forward layer in the transformer, S represents the Sigmoid function, and G denotes the GELU activation function.

3.1.1 Encoder

Specifically, the encoder of the EF-SAM model first re-
sizes the image to 3×224×224 through interpolate op-
eration. Compared to the classic SAM, which adjusts
to 3×1024×1024, our smaller-scale image resizing can
greatly enhance segmentation speed. Correspondingly, this
may also damage image information, thereby reducing seg-
mentation quality. Therefore, given the premise of low-
resolution input, enhancing the segmentation capability
around the object contour regions and strengthening edge
features are the main problems that EF-SAM will address.

First, the image is downsampled by the downsampling
expansion module to a shape of C×112×112. Then, it en-
ters the encoder of the network, which consists of 4 stages
with identical structures. The resolution of each stage is
half that of the previous stage, and the number of channels
(hidden dimensions) is doubled compared to the previous
stage. Each sub-stage undergoes downsampling through 2
CSM (Convolution + Sigmoid + Multiplication) modules.
Following that, the SE (Squeeze-and-Excitation) Attention
module [13] is applied to enhance the network’s generaliza-
tion and trainability. One CSM module with a kernel size
of 1 is then used for relative positional encoding, replacing
the explicit positional encoding layer.

Afterward, the feature passes through the local and

global self-attention modules. The local self-attention mod-
ule uses the Block operation for windowing and performs
local self-attention computation. After restoration using the
UNBlock operation, the FFN (Feed Forward) layer inde-
pendently transforms the features at each position, enhanc-
ing the model’s expressive power and allowing the network
to learn more complex feature representations. The global
self-attention module builds upon the local self-attention
module by using the permute operation to enable global in-
teraction among the windowed features, where other mod-
ules are the same.

After passing through the local and global self-attention
modules, the output shape is 2C×56×56. Similarly,
the outputs of the remaining 3 stages are 4C×28×28,
8C×14×14, and 16C×7×7, respectively. By computing
locally and globally on different spatial scales, the compu-
tational complexity is reduced while ensuring its effective-
ness.

3.1.2 Edge Enhancement

To address the issue of inaccurate segmentation in regions
around object contours, we propose the feature amplifier
and edge amplifier module, which enhances the probabil-
ity maps around object contours based on filters.

Feature Amplifier. Initially, the feature amplifier re-



Figure 3: Decoupled knowledge distillation process. We
guide MaxViT-tiny with the encoder of MobileSAM to ob-
tain a lightweight student network.

ceives the output from the encoder and undergoes feature
amplification through 3 Conv2d, GELU, and ConvTrans-
pose2d operations to obtain a shape of 16C×64×64. By
mapping operations, high-dimensional feature information
is obtained, ensuring that edge information is not lost. Sub-
sequently, Conv2d, GELU, and Conv2d operations are ap-
plied to reduce the number of channels, resulting in a shape
of 256×64×64. Channel reduction removes redundant in-
formation, ensuring the lightweight nature of the network.

It is worth noting that, considering the need for pre-
training, relying solely on 4 CSM modules with a kernel
size of 1 to replace the position encoding layer is insuffi-
cient. We perform a random position embedding operation,
which serves as a trainable parameter that participates in
gradient optimization, so the word vector will also be gener-
ated when the model training is completed. Finally, the en-
coded features enter the traditional SAM’s prompt-guided
mask decoder for decoding, resulting in an output shaped
as the original size.

Edge Amplifier. Next, the edge amplifier performs fil-
tering on the probability maps. We first use a simple step
function for coarse filtering of the probability maps, fol-
lowed by a sigmoid activation to normalize their probabil-
ity distribution. After normalization, the probability maps
undergo mean filtering, improving the filtering effect and
reducing computational complexity.

Furthermore, we perform an additional threshold oper-
ation on the probabilities when normalization, setting all
probabilities less than 0.5 to 0.5, resulting in a threshold
distribution of probabilities ranging from [0.5-1.0]. This
is because during feature extraction the network undergoes
several downsampling and upsampling steps, so probabil-
ities near object edges (especially on the edges) tend to

converge to 0.5. On the other hand, the color itself on the
edges already blends the foreground and background prob-
abilities due to the imaging principle of the camera. That
is, edge points should inherently belong to both the fore-
ground and background equally. Therefore, we mimic this
process through thresholding. Although this process may
affect regions with probabilities less than 0.5, it does not
affect the overall probability distribution. Additionally, the
Fuse-Tracker in Sec. 3.2 will fuses the probability map pre-
dicted by EF-SAM model with the probability map obtained
from traditional color histograms, which can also reduce the
impact of these regions.

3.1.3 Knowledge Distillation

The SAM [17] mentions that training SAM-ViT-H requires
256 A100 GPUs and takes up to 68 hours. Even with an
Encoder of ViT-B, 128 GPUs are needed. Such a high
consumption of resources undoubtedly hinders researchers
from reproducing or improving the model. Therefore, for
the training process of the EF-SAM model, we are inspired
by studies such as MobileSAM [48], EdgeSAM [53], and
EfficientSAM [45], and adopt a decoupled distillation tech-
nique.

Fig. 3 illustrates the training process of the EF-SAM
model. First, the teacher model of MobileSAM and the
student model of EF-SAM encoder are loaded. The in-
put for MobileSAM is b×3×1024×1024, and for EF-SAM
model, it is b×3×224×224, where b represents the batch
size. Then, the dataset is loaded and input simultaneously
into MobileSAM and EF-SAM model. MobileSAM obtains
image embedding in the same way as the classical segment
anything model [17]. EF-SAM model will use the Huber
function [9] to calculate the loss and gradient backpropagate
with the image embedding. The Huber function is applied
to the feature maps, and the distillation method is feature-
based distillation.

3.2. Fuse-Tracker

Deep learning, especially the vision foundation model,
is well known to excel in feature extraction. However, due
to the high degree of freedom and nonlinear nature of the
pose, the results estimated by directly regressing are usually
not precise enough [33]. Therefore, combining the feature
extraction advantages of vision foundation models with the
precision advantages of traditional analytical optimization
is a direct and effective strategy.

We draw inspiration from region-based optimization
methods [25], which transform color features into probabil-
ity maps. These probability maps describe the probability
of image pixels belonging to the foreground or background.
Then, the object pose is solved by maximizing the differ-
ence between the foreground and background colors. For-



Figure 4: The framework of the proposed Fuse-Tracker.
The Fuse-Tracker integrates the advantages by multiply-
ing the two types of probability maps. It then estimates
the pose based on the traditional analytical optimization
method [30], combining the feature extraction advantages
of vision foundation models with the precision advantages
of analytical optimization.

tunately, the segmentation problem naturally produces the
required probability map, providing an effective way to uti-
lize the features of vision foundation models and serving as
the intersection with analytical optimization.

As shown in the Fig. 4, we can obtain the probability
map in two ways: the traditional color probability histogram
(P t) and the vision foundation model of segmentation (P l).
Next, we integrate them by multiplying every correspond-
ing image point:

P = P t ⊙ P l (1)

Please note that this is a very straightforward method. We
choose to integrate the two probability map types because
each has unique advantages.

For the probability map obtained from the traditional
color histogram [30] we use here, although it is weaker in
feature expression, it is computationally fast and can ensure
real-time updates for each frame. The update strategy is as
follows:

pk(y | m) = 0.2p(y | m) + 0.8pk−1(y | m) (2)

k is the frame index, m represents the color model of the
foreground or background, and y represents the pixel color.
p represents the probability of color y occurring for the
given color model m. During each update, 80% of the his-
torical information is retained. By updating the histogram
in real-time, it is possible to ensure the capture of the real-
time characteristics of the image sequence in an unknown
scene.

The advantage of the probability map from the vision
foundation model lies in its combination of rich prior
knowledge and zero-shot generalization capability. How-
ever, semantic segmentation errors are prone to appear in
some complex scenes, especially around object contours, as
shown in the Fig. 4.

P t and P l exhibit complementary characteristics in fea-
ture representation. P l encodes the prior knowledge em-
bedded in the pre-trained model, whereas P t updates the
conventional color-histogram features on-the-fly using the
current frame. Consequently, the two types of features are
statistically complementary. Integrating the two types of
probability maps can combine the advantages of the real-
time update of the color histogram probability map and
the rich prior knowledge of the vision foundation model.
Eq. 1 multiplies the two probability maps, which means
only when the probabilities of both types of probability
maps are high enough that the point can truly be determined
as the foreground. Therefore, it can avoid one type of fea-
ture failing in complex scenes.

In addition, we can also directly use the probability map
from the vision foundation model to replace the one from
the traditional color histogram or calculate the average of
the two, as shown as:

P = P l (3)
P = 0.5× (P t + P l) (4)

In the experimental section, we will present the results of
each fusion method and demonstrate many interesting con-
clusions.

Next, we solve the pose using the energy function of
method [30], which includes the region term, feature point
term, and depth term. The depth energy term is not consid-
ered since we only use RGB input images here.

In this way, we integrate the probability map of the tradi-
tional color histogram and the vision foundation model, and
the analytical optimization method, fully leveraging their
characteristics to enhance tracking accuracy.

4. Experiment

In the experiments, we use a desktop computer with
an Intel(R) Core(TM) i9-13900 @3.0GHz CPU, NVIDIA
GeForce RTX 4090 GPU, and 64GB RAM.

4.1. Datasets and Metrics

BCOT Dataset. The BCOT [18] dataset is a real-world
dataset where the ground-truth poses are annotated using a
binocular tracking method. It contains 20 scenes, 22 ob-
jects, 404 sequences, and 126K images. The evaluation
metrics include the n◦ ncm metric (n = 2, 5) and the ADD
metric (with thresholds of 0.02d, 0.05d, and 0.1d, where d
represents the longest side of the object’s bounding box).
The ground-truth pose is reset when the tracking error ex-
ceeds 5◦, or the translation error exceeds 5cm. Additionally,
the BCOT dataset provides binocular view data, allowing
for observing results from different viewpoints.

RBOT Dataset. The RBOT dataset [37] is a synthetic
dataset that provides accurate ground-truth poses. It con-
tains 18 objects, 4 variants, 72 sequences and 72K images.



Table 1: Comparison of the BCOT dataset [18]. For the compared methods, * represents the results by running the source
code provided by the authors, while the rest are the results in the paper [18].

Method ADD-0.02d ↑ ADD-0.05d ↑ ADD-0.1d ↑ 5◦, 5cm ↑ 5◦ ↑ 5cm ↑ 2◦, 2cm ↑ 2◦ ↑ 2cm ↑ Avg. ↑
RBOT [37] 11.7 31.6 57.1 77.1 79.2 91.7 40.8 48.3 67.8 56.1
RBGT [31] 10.9 45.5 76.9 89.0 89.3 99.5 46.0 49.5 87.8 66.0
SLOT [14] 15.6 39.8 66.1 87.1 88.5 96.3 51.4 59.0 76.4 64.5
SRT3D [32]* 12.5 49.4 82.1 93.1 93.2 99.9 53.6 56.6 91.9 70.3
ICG+ [30]* 12.5 48.4 81.5 93.8 93.9 99.9 54.5 57.5 91.8 70.4
Ours 14.8 54.7 85.1 92.9 93.0 99.8 54.2 56.0 93.6 71.6

The evaluation metric is based on the 5◦ 5cm, where track-
ing is considered correct if the rotation error is less than
5◦ and the translation error is less than 5cm in the current
frame; otherwise, it is deemed incorrect, and the ground-
truth pose is reset. The percentage of correctly tracked
frames calculates the final accuracy.

4.2. Implementation Details

The use of SAM models. We test many SAM models in
the experiments, including our proposed EF-SAM model.
Unless otherwise specified, we use the bounding box as the
prompt when using these SAM models.

Obtaining the bounding box. Given the known initial
pose of the 3D object tracking, we can render the object
and acquire a foreground mask. Subsequently, we calculate
a tightly bounding box based on this mask. However, it is
important to note that directly utilizing the initial pose for
rendering may introduce deviations in the resulting bound-
ing box. Therefore, we first use the pre-search strategy of
method [29] to correct the pose along the X and Y axes,
obtaining a more accurate bounding box.

Training Data of Knowledge Distillation. During the
training of the EF-SAM model, we select the test set of
the classic 3D object tracking dataset YCB-Video [43] as
the training data, totaling approximately 20K images. The
reason for choosing the YCB-Video is that it contains both
simple and complex objects and uses different object com-
binations with scenes, representing the typical data charac-
teristics of 3D object tracking.

Additionally, the final testing of our method is conducted
on the BCOT and RBOT datasets, using only the YCB-
Video dataset for training, demonstrating the generalization
ability of the proposed method.

Probability map normalization. We represent the
probability of a point belonging to the foreground and
background with the foreground probability map and back-
ground probability map, respectively. In the experimental
section, unless specifically stated otherwise, EF-SAM nor-
malizes the probability map to [0.5-1.0] as mentioned in
Sec. 3.1.2, while traditional color histograms normalizes the
probability map to [0-1.0].

Table 2: Comparison of the RBOT dataset [37]. For the
compared methods, * represents the results by running the
source code provided by the authors, while the rest are the
results in their original paper.

Method Reg. ↑ Dyn. ↑ Noi. ↑ Occ. ↑ Avg. ↑
RBOT [37] 79.9 81.2 56.6 73.3 72.8
RBGT [31] 90.0 90.6 71.5 85.6 84.4
SLOT [14] 89.9 90.7 69.6 88.9 84.8
SRT3D [32] 94.2 94.6 81.7 93.2 90.9
NLT [36] 95.2 95.4 83.2 94.9 92.2
TRM [29] 95.4 94.9 86.2 93.2 92.4
ICG+ [30]* 96.3 96.1 86.5 93.3 93.0
DeepAC [41] 95.6 95.6 88.0 94.0 93.3
Ours 96.6 96.0 89.3 93.1 93.8

4.3. Quantitative Results

4.3.1 BCOT dataset

Table 1 presents the tracking results on the BCOT dataset
[18]. We first compare traditional methods, including
RBOT [37], RBGT [31], SLOT [14], SRT3D [32], and
ICG+ [30], where ICG+ [30] only uses RGB images as in-
put. All these methods use traditional color histograms for
implicit segmentation of objects, calculating the probabil-
ity of each pixel in the image belonging to the foreground
and background, and then optimizing the pose using tra-
ditional methods. Among these methods, RBOT [37] and
SLOT [14] use local color histograms, while RBGT [31],
SRT3D [32], and ICG+ [30] use global histograms. Among
these methods, ICG+ [30] used local and global uncertainty
during the optimization process, showing the best results.

Compared to traditional methods, our method has
achieved optimal results, with an average score of 71.6%.
The pose optimization part of our method is consistent
with ICG+ [30], which demonstrates the effectiveness of
the probabilistic map computation in our method. In addi-
tion, we find that our method performs better in the trans-
lation component, with more significant improvements in
metrics of ADD-n and 2cm, indicating higher optimization
precision. This is attributed to its handling of edge features
around the object contours, confirming that object contours



Table 3: Comparison of accuracy on the BCOT dataset [18] by integrating different SAM models. The time refers to the total
time of the algorithm, including the time for probability map prediction and pose optimization.

Method ADD-0.02d ↑ ADD-0.05d ↑ ADD-0.1d ↑ 5◦, 5cm ↑ 5◦ ↑ 5cm ↑ 2◦, 2cm ↑ 2◦ ↑ 2cm ↑ Avg. ↑ Time (ms) ↓
FastSAM [50] 14.7 52.7 81.3 87.0 87.1 99.5 42.7 44.2 91.2 66.7 30
EdgeSAM [53] 10.1 41.8 76.6 91.2 91.4 99.5 49.1 52.5 89.0 66.8 20
EdgeSAM (3x) [53] 9.4 38.9 74.6 91.3 91.5 99.5 48.6 52.4 88.0 66.0 20
EfficientSAM (t) [45] 10.9 44.5 80.6 92.9 92.9 99.8 53.6 56.3 91.8 69.3 30
EfficientSAM (s) [45] 12.6 50.1 85.0 93.2 93.3 99.8 55.6 57.3 94.2 71.2 55
MobileSAM [48] 12.7 50.2 84.3 92.6 92.6 99.8 54.1 55.9 93.6 70.6 20
EF-SAM (ours) 14.8 54.7 85.1 92.9 93.0 99.8 54.2 56.0 93.6 71.6 13

Table 4: Ablation study of the normalization way of the BCOT dataset [18].

Method Scope ADD-0.02d ↑ ADD-0.05d ↑ ADD-0.1d ↑ 5◦, 5cm ↑ 5◦ ↑ 5cm ↑ 2◦, 2cm ↑ 2◦ ↑ 2cm ↑ Avg. ↑
EF-SAM (ours) [0.5, 1.0] 14.8 54.7 85.1 92.9 93.0 99.8 54.2 56.0 93.6 71.6
EF-SAM (ours) [0, 1.0] 10.3 42.6 74.8 87.8 88.1 99.1 44.6 47.9 86.2 64.6

Table 5: Ablation study of the fusion way of the BCOT dataset [18].

Method Fusion way ADD-0.02d ↑ ADD-0.05d ↑ ADD-0.1d ↑ 5◦, 5cm ↑ 5◦ ↑ 5cm ↑ 2◦, 2cm ↑ 2◦ ↑ 2cm ↑ Avg. ↑
EF-SAM (ours) Eq. 1 14.8 54.7 85.1 92.9 93.0 99.8 54.2 56.0 93.6 71.6
EF-SAM (ours) Eq. 3 4.3 20.7 45.7 61.3 63.1 96.1 13.9 19.0 59.1 42.6
EF-SAM (ours) Eq. 4 4.4 21.2 45.9 63.1 64.8 96.1 14.6 20.1 59.1 43.3

are a critical factor in influencing accuracy, as mentioned
in the paper [29]. On the other hand, our method is not as
good as traditional methods in rotation optimization. This
is because traditional methods propose refined processing
strategies for occlusion and spatial scale, which our method
has not yet carefully considered. These will be the direc-
tions for future improvement.

4.3.2 RBOT Dataset

Table 2 shows the comparison results on the RBOT dataset
[37]. We further compare our method with two other tra-
ditional methods, namely NLT [36] and TRM [29]. NLT
[36] is an edge-based method that employs an out-of-plane
search strategy to enhance tracking accuracy under large
translation conditions. TRM [29] is a feature fusion-based
method that integrates region features and point features.
The average accuracy ranking on the RBOT dataset [37] is
basically consistent with the BCOT dataset [18], and our
method still achieves the optimal results.

In the occlusion variant, our method does not have a
significant advantage, as we have not adopted any strate-
gies related to occlusion. In the other three variants, our
method achieves optimal results, indicating that the prob-
ability map computed by our method can adapt to regular,
dynamic light, and noisy scenarios and exhibits good gen-
eralization performance.

DeepAC [41] is a learning-based method. It is similar to
our proposed method in that it uses a deep neural network to
compute features and then employs traditional optimization

methods to solve for object pose. However, DeepAC differs
in that it utilizes the network to predict a boundary map and
then optimizes the pose based on this edge feature. Exper-
imental results show that DeepAC performs slightly worse
than our proposed method. More importantly, its extensibil-
ity is weaker. Specifically, our method utilizes the probabil-
ity map as the integration point with traditional pose opti-
mization, allowing it to be combined with any segmentation
model, thereby offering stronger extensibility. In the future,
it can be combined with more powerful segmentation mod-
els without requiring modifications to the tracking base.

4.4. Ablation Study

4.4.1 Combined with Different SAM Model

The Fuse-Tracker we proposed can integrate the probabil-
ity map of traditional color histograms with the probability
map of EF-SAM. Due to its concise fusion approach, it can
also be integrated with other SAM models. In this section,
we integrate the traditional probability map with the prob-
ability map predicted by 4 other SAM models and test the
tracking results, including FastSAM [50], EdgeSAM [53],
EfficientSAM (t) [45], and MobileSAM [48]. The experi-
mental results are shown in Table 3, where the Method col-
umn indicates the different SAM models used for fusion.

Our method achieves the highest average accuracy,
demonstrating the effectiveness of EF-SAM’s probability
map prediction. In comparison, the accuracy of Effi-
cientSAM (s) [45] is only 0.4% lower. However, it employs
a more complex backbone network, with a total inference



time of 55ms per frame, which is significantly slower than
EF-SAM. Its base version, EfficientSAM (t) [45], has an
inference time of 30ms per frame, but its accuracy is only
69.3%. The performance of the other SAM models is infe-
rior to EF-SAM, as shown in the table.

Runtime. The runtime of our method mainly consists of
two parts, and the time shown in Table 3 represents the total
time. The first part is the prediction time of the probability
map for EF-SAM, which is approximately 8ms. The second
part is the pose optimization time, which is approximately
5ms. EF-SAM not only achieves the highest accuracy but
also the fastest speed, ensuring its real-time capability.

4.4.2 Normalization Ways

For the task of 3D object tracking, the accuracy of the prob-
ability map in the regions near the object’s contour has a
greater impact on tracking precision. As described in Sec.
3.1.2, we limit the probability range to [0.5-1.0] to sup-
press the influence of inaccurate probability values around
the contour.

Table 4 shows the quantitative effect of this module.
Limiting the probabilistic graph to [0.5, 1.0] can stabilize
the overall probability distribution. During the probability
normalization process, this operation ensures that the lower
limit of the probability distribution will not be out of range.
Although this operation may affect some regions with lower
probability values, the impact of these regions on the overall
probability distribution is relatively small. This is because
the main part of the foreground probability distribution usu-
ally concentrates on the higher probability value regions. In
comparison, the lower probability value regions often only
account for a smaller proportion. Therefore, by limiting the
range of the probability map, it can effectively avoid the in-
stability of the overall probability distribution caused by a
few low-probability regions, thereby enhancing the stability
and reliability of the tracking.

Moreover, the fusion mechanism of Fuse-Tracker (Eq.
1) can further reduce the impact of these regions on over-
all tracking performance. This fusion mechanism can not
only compensate for the shortcomings of a single prob-
ability map but also further optimize the tracking results
through weight adjustment. Therefore, even when some
low-probability regions are limited, the fusion mechanism
can still ensure the improvement of overall tracking perfor-
mance, allowing the tracking system to maintain high accu-
racy and stability in complex scenarios.

4.4.3 Fusion Ways

As described in the method section, we use Eq. 1 to fuse the
probability maps of the traditional color histogram and the
vision foundation model. Here, we will test other fusion
ways, including using only the probability map obtained

from the vision foundation model (Eq. 3) and the average
of the two probability maps (Eq. 4).

Table 5 shows the test results of different fusion ways on
the BCOT dataset. We found that the EF-SAM model ex-
periences a significant performance drop when using other
fusion methods. This is because the normalization in the
EF-SAM model scales the probability maps to the range of
[0.5, 1.0]. As a result, the probability distribution after fu-
sion no longer falls within the [0, 1.0], leading to degraded
results. The results further illustrate the advantage of the
pointwise multiplication fusion way (Eq. 1), as it can al-
ways maintain a reasonable probability distribution.

4.5. Qualitative Results

Fig. 5 shows the predicted masks and final tracking re-
sults during the tracking process. The second column of
Fig. 5 displays the masks predicted by ICG+ [30] and inte-
grated with each SAM model, while the third column shows
the magnified results. Visually, there are only minor differ-
ences in the masks after fusion for each method. However,
we can still find that the results of EF-SAM near the ob-
ject contours are somewhat blurred, which is the result of
our targeted processing and has achieved higher accuracy
in quantitative results. The last column shows the tracking
results.

5. Limitations

We propose the EF-SAM model and Fuse-tracker, a con-
cise yet effective fusion framework that combines the fea-
ture extraction advantages of vision foundation models with
the precision advantages of traditional analytical optimiza-
tion. However, this paper still has some limitations.

The analysis of the probability map quality is mainly
qualitative. In the problem of 3D object tracking, how to
quantify the quality of the probability map is an issue that
needs to be further addressed. On the other hand, regarding
the 3D object tracking problem, when an object is occluded,
the distribution of the probability map will inevitably be af-
fected. The proposed method does not analyze or address
occlusion, which is an important direction for our future
work.

6. Conclusion

The proposed EF-SAM model can improve the precision
of probability predictions while ensuring interface speed,
and the Fuse-Tracker can greatly enhance the tracking ac-
curacy of 3D objects. Through in-depth analysis and con-
templation of this paper, we can draw the following main
conclusions:

1) Although vision foundation models show outstand-
ing advantages in image feature extraction, they still can-
not completely replace traditional color histograms in the



Figure 5: Mask prediction and tracking results of the BCOT dataset [18].

problem of 3D object tracking. Color histograms can still
complement the vision foundation models.

2) From a visual effect perspective, good probability
map segmentation results do not have an obvious correla-
tion with the final tracking quality.

3) The fusion way of point-wise multiplication can fully
exert the advantages of traditional color histograms and vi-

sion foundation models. In contrast, using the average fu-
sion way or a single probability map will result in worse
performance.

In future work, we will improve upon the limitations
of this paper to further enhance the accuracy of 3D object
tracking. Additionally, we will investigate end-to-end pose
estimation methods and explore the potential of vision foun-



dation models in pose regression.
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Schäffer. A sparse gaussian approach to region-based 6DoF
object tracking. In ACCV (2), volume 12623 of Lecture Notes
in Computer Science, pages 666–682. Springer, 2020. 2, 7

[32] M. Stoiber, M. Pfanne, K. H. Strobl, R. Triebel, and A. Albu-
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