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Abstract— Microsurgical anastomosis has become increas-
ingly prevalent in surgical autonomy, requiring accurate and
stable control of suturing needles and threads while enhancing
the efficiency and safety of microsurgical operations. How-
ever, current systems predominantly employ top-down-view
microscopes for intraoperative imaging, which are constrained
by limited field-of-view and significant occlusion caused by
instrument-tissue interactions. To address these challenges, we
develop a dual-view vision system for microsurgical anastomo-
sis, integrating both conventional top-down-view microscopes
and eye-in-hand cameras mounted on surgical instrument tips.
Our approach involves cross-view feature fusion through dif-
ferent schemes to improve microsurgical scene understanding,
including surgical action recognition, gripper-object interaction
prediction, and instrument pose estimation. Extensive anas-
tomosis datasets are collected on our robotic platform and
several experiments are conducted for detailed evaluation of
the system performance. Quantitative and qualitative results
demonstrate that our dual-view microsurgical system signifi-
cantly outperforms single-view microscopes in terms of robust
visual perception, and cross-view feature fusion improves both
the accuracy and precision of anastomosis scene understanding.

I. INTRODUCTION

Microsurgical robotics has undergone transformative ad-
vancements in minimally invasive surgery, enabling precise
surgical control and submillimeter-scale operations through
the integration of advanced robotic systems and high-
resolution cross-modality visual perception [1]-[3]. Recent
studies have focused on developing accurate and safe mi-
crosurgical robotic platforms, which have been successfully
applied in surgeries such as flexible neural electrode implan-
tation [4], [5], retinal vein cannulation [6], and intracranial
virus injection [7]. Among these applications, microsurgical
anastomosis represents one of the most difficult surgeries
and is widely utilized in clinical practice, particularly in
transplantation and flap transfer [8], [9]. This technique
requires the precise reconnection of broken vessels involving
dexterous manipulation of microvasculature and suturing
instruments. Robot-assisted microsurgical anastomosis im-
proves the efficiency and safety with sub-millimeter preci-
sion, demonstrating significant potential for clinical adoption.

For microsurgical robotics, exocentric (top-down-view)
microscopes are commonly employed for visual perception
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Fig. 1. Fusion of exocentric and egocentric images is designed for superior
and robust performance on different tasks of microsurgical anastomosis un-
derstanding. (a) Conventional top-down-view microscope is implemented for
microsurgical robots to capture global images. (b) Our established composite
dual-view vision system with auxiliary eye-in-hand egocentric cameras
mounted at the end of the instruments to capture detailed instrument-object
interactions.

[10], [11]. For instance, Nomura et al. [7] positioned the mi-
croscope above the surgical plane to capture high-resolution
color images for vessel segmentation and intraoperative
guidance. However, there exist several inherent challenges
for the conventional top-down-view microscope systems.
On the one hand, the field of view (FOV) is significantly
restricted due to submillimeter-scale surgical manipulations
[12]. The microscope is focused at a small area under
high magnification, making the operator difficult to get a
global scan of the surgical scene. Although existing works
have attempted to expand the FOV using stereo or multiple
microscopes, they primarily derive depth information while
retaining the same exocentric perspective. On the other hand,
frequent intraoperative instrument-tissue interactions induce
severe self-occlusion in the top-down view. Self-occlusion
makes the robot system unable to accurately understand
scenarios and characterize interactions between instruments
and tissues, leading to a decrease of surgical accuracy and
safety.

The integration of egocentric (eye-in-hand) cameras has
emerged as a promising approach to enhance the accuracy
and generalization capability of visual perception not only
in natural scenarios [13]-[15] but also in surgical scenes
[16]-[18]. The eye-in-hand camera is typically placed at
the end of surgical instruments to provide a more detailed
perception of instrument-object interactions, complementing
the traditional exocentric microscope view. By using the
images simultaneously captured by exocentric and egocentric
cameras, cross-view fusion has been demonstrated to be
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Fig. 2. Overview of our established microsurgical anastomosis robotic platform for data collection. (a) Our robot system contains exocentric (top-down-
view) microscopes and egocentric (eye-in-hand) cameras placed at the end of surgical instruments. (b) The definition of the entire process of microsurgical
anastomosis, including the process of suture making from action I to V and the process of knotting from action VI to X. (c) Statistical distribution of ten

actions on our collected microsurgical dataset.

effective for surgical automatic operations [19]. For example,
Kim et al. [17] used four cameras for surgical imitation
learning, which includes two cameras on the top of the
surgical plane and the other two fixed close to the grippers.
However, existing works primarily apply them for end-to-end
surgical task execution to merely validate the improvement of
the success rate for specific operations, rather than systemat-
ically exploring the impact of dual-view systems on surgical
scene understanding. The interpretability of the end-to-end
framework is poor and can not show the superiority of the
combination of two viewpoints. A comprehensive discussion
and analysis of the dual-view system is needed to illustrate
the benefits of cross-view fusion in microsurgery.

To address the aforementioned problems and challenges,
in this work, we establish a dual-view vision system for
microsurgical anastomosis and design networks for cross-
view exocentric and egocentric (exo-ego) fusion for scene
understanding. As shown in Fig. 1, the system integrates the
conventional exocentric microscope with eye-in-hand ego-
centric cameras mounted at the end of surgical instruments,
enabling submillimeter-scale precise anastomosis while pro-
viding complementary visual perceptions. To demonstrate
the effectiveness of the dual-view vision system, we have
designed networks to conduct cross-view fusion and in-
corporated it for surgical understanding, including surgical
action recognition, gripper-object interaction prediction, and
instrument pose estimation. Two distinct fusion schemes
are implemented and discussed, i.e., frame-wise 2D and
temporal 3D fusion, to systematically evaluate the benefits
of incorporating egocentric visual features. Extensive ex-
perimental validation is conducted using a comprehensive
dataset of intraoperative anastomosis procedures collected by
our established robotic platform. Quantitative and qualitative
results are reported and visualized to provide the evidence for

superiority of dual-view systems in microsurgical anastomo-
sis while offering insights into cross-view fusion strategies
for surgical scene understanding.

The main contributions of this paper are as follows:

« We propose a dual-view vision system integrating both
exocentric and egocentric perspectives to capture mi-
crosurgical robotic actions and instrument-tissue in-
teractions, significantly advancing microsurgical scene
understanding capabilities.

« We collect an extensive intraoperative dataset for micro-
surgical anastomosis under various surgical scenarios
with annotated labels for multiple downstream tasks.
The dataset will be made available upon request.

o Detailed experiments on our established robotic sys-
tem are systematically validated to demonstrate the
effectiveness of cross-view fusion compared with the
conventional top-down-view microscope for robust mi-
crosurgical vision perception.

II. SYSTEM OVERVIEW AND DATA COLLECTION

To prove the effectiveness of our proposed framework for
real surgical scenarios, we have established a microsurgical
robot system for microsurgical anastomosis. The overview
of our robot system is shown in Fig. 2-(a), which consists
of three parts. The first part is the dual-arm robotic system
with well-designed instruments for anastomosis, which can
accurately and stably hold suturing needles and threads.
The second part is the vision system. A high-resolution
microscope is placed above the surgical plane to provide
the top-down-view perception. Egocentric cameras are placed
at the end of the instruments to deal with self-occlusions
and perform exocentric-egocentric cross-view fusion. The
last part is the surgical settings for anastomosis. We cut a
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Fig. 3.

Project

Ilustration of the cross-view exo-ego fusion scheme and three downstream tasks are evaluated for microsurgical anastomosis understanding. (a)

Frame-wise 2D fusion is implemented with feature maps extracted by a single frame and no temporal constraints are used. (b) Temporal 3D fusion is
designed by concatenating all feature maps derived by a sequence of images. The exo-ego fusion block is incorporated based on extracted features from

both global and local images.

complete vessel into two separate parts to simulate intraop-
erative suturing operations. The suturing needle and thread
are preoperatively assembled and placed on the grippers.

In Fig. 2-(b), the entire process of microsurgical anastomo-
sis contains two procedures following the previous work [20].
The first process is to make a suture, which includes five sub-
procedures. The operator inserts the left instrument inside the
vessel and holds the suturing needle with the right instrument
(Act-I), and passes the needle through the right part of
the vessel (Act-II). Then the left instrument is extracted
and pressed onto the other side (Act-IIl), and the operator
passes the needle through the left part of the vessel (Act-
IV). Finally, the operator resets the instrument and finishes
the suture making (Act-V). The second process is knotting,
which also includes five sub-procedures. The operator grabs
the thread with the right instrument and conducts circular
rotations around the left gripper twice (Act-VI & Act-VII).
After that, the operator uses the left instrument to grab the
end of the thread (Act-VIII) and withdraw it through the
circular gap to tie a knot (Act-IX). Finally, the left and
right instruments are reset and release the thread to complete
the knotting (Act-X). Despite different surgical actions, we
have also focused on the gripper-object interactions and
instrument pose. The interactions of the grippers indicate
whether the left and right grippers reach the target object, like
suturing needles and threads. Consequently, the interaction
state contains four elements (Left-0 & Left-1, Right-0 &
Right-1), where O represents the closed state of the grippers
and 1 represents the open state. The pose of instruments
refers to six degrees of freedom for translation and rotation.

During the process of data collection, we have asked two
operators to perform the entire process of anastomosis. Both
two operators are well-trained on our established platform
and can perform the entire process within four minutes. We
collect exocentric images from the top microscope and the

egocentric images from cameras placed on the instrument,
and we have synchronized all the data. When needles and
threads shed from the instruments, the operator manually
moves them into the field of view and cuts the video
part. Kinematic data is also recorded simultaneously when
performing the surgery, and it contains the information for
the state and pose of the grippers. In this work, surgical
actions include ten different types and are annotated by
operators watching the replay of videos. The distribution of
ten classes is visualized in Fig. 2-(c), which represents the
corresponding duration of different actions.

III. METHODOLOGY
A. Problem Statement

To demonstrate the effectiveness of our dual-view vi-
sion system for microsurgical anastomosis, we propose to
implement exo-ego cross-view fusion on three tasks of
scene understanding for evaluation with a multitask learning
scheme, i.e., action recognition, interaction prediction, and
pose estimation. Before introducing the detailed method for
multitask learning, we define the problem and related no-
tations. Let {(If,,,If,,)|1 <t < T}e R¥*W*3 represent
the surgical image sequences with 1" frames collected by our
established vision system, where H and W refer to the height
and width of each image, respectively. The network y(-)
is designed to perform simultaneous estimation of surgical
action A, interaction state .S, and instrument pose P via a
supervised multi-task learning scheme with parameters 6.
In this work, the surgical action consists of ten sequential
types during suture making and knotting, noted as A =
{a'} € {0,1,...,9}. The interaction state includes two terms
indicating whether the left and right grippers reach the
surgical objects, noted as S = {s!, sL.} € {0, 1}. The pose of
the left and right instruments is represented as three rotation
angles P = {p!,p’}, and it should be noted that we ignore
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the translation terms due to cross-view variance and only
preserve the rotation terms. The optimization problem can
be described as:

Ho- = argmeinﬁ(fezo,fego,A& P),

where £(-) represents the multi-task loss function during the
training stage.

B. Network Design

The illustration of the multi-task learning network is
visualized in Fig. 3, which consists of two parts, including
the feature extraction process and cross-view feature fusion
for surgical understanding. Three task-specific decoders are
designed to perform surgical action, interaction state, and
pose estimation with shared exocentric and egocentric fused
features. We design two types of networks for evaluation
based on different fusion dimensions, i.e., frame-wise 2D
fusion and temporal 3D fusion. Experiments are conducted
based on these two types for a comprehensive analysis.

1) Frame-wise 2D exo-ego Fusion: The network architec-
ture of frame-wise 2D exo-ego fusion type is illustrated in
Fig. 3-(a). Given the input exocentric and egocentric images,
two feature encoders {Hgo(-), Hego(-)} are used to obtain
exocentric and egocentric features of size 2048, respectively.
The feature extractor is built upon ResNet50 without the last
linear layer, and the two networks share the same architecture
but different weights. The input of the exo-ego fusion block
H7(-) is the concatenation of the extracted frame-wise exo-
centric and egocentric features, and several dilated residual
layers are implemented to conduct cross-view fusion. Three
task-specific decoders {HIe(-), HI(-), HIcE ()} are de-
signed with fully connected layers to predict surgical action,
state, and pose with 10, 4, and 6 parameters for each task.
Since the prediction is based on frame-wise image without
temporal correlations, it is defined as a 2D exo-ego fusion
scheme.

2) Temporal 3D exo-ego Fusion: Different from frame-
wise fusion scheme, the second type incorporates temporal
cues for feature fusion as shown in Fig. 3-(b). Given the
image sequence with 7' frames, we first use ResNet50
to extract frame-wise features for both viewpoints of size
T'%x2048. It should be noted that the frame-wise feature
extractor shares the same architecture as mentioned before.
Different from 2D feature fusion, we implement temporal
dilated residual networks for 3D exo-ego feature fusion and
the size of fused feature maps is 7'x32. Similarly, three task-
specific decoders are implemented to predict results of size
Tx10, T'x4 and T'x6 parameters. The difference of frame-
wise and temporal 3D exo-ego fusion is the input feature
maps, where the former type uses single-frame exocentric
and egocentric feature and the latter incorporates sequence-
level feature maps. With these two types of exo-ego fusion
scheme, we can efficiently demonstrate the effectiveness
of our proposed exo-ego vision system compared with a
conventional monocular microscope.

C. Training Details

Given the input exocentric image I’,, and egocentric
image I! go» the frame-wise feature maps are acquired by
feature encoders and concatenated for the downstream tasks:

t ne( 7t t (7t
— HFYLC(I )7 ego — Hen(,(l )7

exro exo\*exo ego \*ego
ft = Hf( zxo @ fégo)'

When training the frame-wise exo-ego feature fusion net-
work, for surgical action recognition, our designed action
branch predicts the probability for each action and the cross-
entropy loss function is utilized for classification with ten
classes:

t ot t dec st

Eact = CE(CL 7a'gt)a a = Hagg(f )

For surgical state recognition, we also use cross-entropy loss
function for both left and right grippers to determine whether

they reach the target object with two classes for each side:
Esta = CE(Sfa sf,gt)a Sf = Hgg(;(ft)

For instrument pose estimation, we implement L1 distance
loss function for the predicted rotation angles and ground
truth for both left and right instruments:

Lpos = 0.5 % (|} = pf gellr + 1Pk — P gell1)-

The training loss function £ is calculated as the weighted
sum of three terms:

2D
»C' = wactﬁact + Wsta»csta + wpos»cposa

where {Wact, Wsta, Wpos } Tepresent the coefficients for differ-
ent downstream tasks and are selected by parameter ablation
studies for the best performance.

Different from the frame-wise exo-ego feature fusion
method, temporal 3D fusion takes the feature sequence as
input and implements a temporal convolutional network to
obtain fused features:

f = {ft}?zo = Hf({fézo ® fégo}?:l)'

For three tasks, the loss function is calculated based on the
average of frame-wise supervision:
T 2D t ot t
3D __ Zt:OE (f7 agtﬁsgﬂpgt)

L T .

1V. EXPERIMENT
A. Data Preprocessing

The data used in this work is collected by our established
microsurgical robot system with both exocentric and egocen-
tric cameras, where the exocentric microscope is placed with
a top viewpoint and the egocentric camera is fixed at the end
of the instrument. As mentioned before, we have collected
images for two different procedures of microsurgical anasto-
mosis, including suture making and knotting. About 80 video
sequences are collected for suture making and 60 sequences
are collected for knotting, which constitute the entire dataset
for training and evaluation with about 66k frames. We have
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TABLE I
COMPARISON RESULTS BY FRAME-WISE 2D EX0O-EGO FUSION SCHEME WITH DIFFERENT METHODS

Action (%) Interaction (%) Pose
Data Amount Approaches .. L
Accuracy Recall Precision F1 Accuracy Recall Precision F1 MAE(°) <10°(%)
Ours 91.74 89.11 9222 90.06 9696 9530 9593 95.61 8.27 74.56
n=1.0 Exo 90.92 88.19 90.81 89.11 9593 9359 9463 94.10 8.61 71.34
Ego 90.03 87.37 9030 88.11 96.10 94.13 94.63 9438 8.37 73.94
Ours 87.89 85.10 87.68 85.63 96.77 9431 96.32 9527 9.16 66.20
n=0.5 Exo 8328 79.56 7872 78.04 9723 95.68 96.34 96.00 9.40 65.37
Ego 85.02 7828 8590 78.62 9426 90.62 92.63 91.57 9.07 66.96
Ours 75.24  72.07 7328 6620 9232 87.07 90.30 88.54 10.18 56.30
n=0.25 Exo 77.08 70.57 70.78 67.07 9454 91.61 92.58 92.09 10.02 57.55
Ego 7547 6791 72.19 6593 9041 8236 88.99 85.04 10.40 55.25
TABLE II

COMPARISON RESULTS BY TEMPORAL 3D EX0-EGO FUSION SCHEME WITH DIFFERENT METHODS

Action (%) Interaction (%) Pose
Data Amount Approaches . o
Accuracy Recall Precision F1 Accuracy Recall Precision F1 MAE (°) <10°(%)
Ours 93.76 9130 9396 9235 98.66 98.01 98.15 98.08 6.38 91.55
n=1.0 Exo 92.09 90.73 89.86 90.08 9832 97.60 97.58 97.59 697 89.28
Ego 91.57 90.16 90.72 90.34 97.83 9725 96.59 96.92 6.39 91.66
Ours 93.02 90.34 9270 91.23 97.89 9660 97.33 96.96 6.87 88.78
n=0.5 Exo 90.52 88.35 91.03 89.43 97.83 9729 96.55 96.92 7.02 87.26
Ego 90.06 86.49 89.53 87.43 96.16 9334 9550 9437 7.00 87.99
Ours 87.76 86.09 8830 86.72 9698 96.23 9523 9572 7.26 83.88
n=0.25 Exo 8596 82.82 87.81 8422 97.08 9605 95.61 95.83 747 81.76
Ego 8472 8136 83.51 82.00 9470 90.89 93.62 92.16 7.61 82.13

asigned 70 sequences with about 33k frames for training
different networks and the left 70 sequences for evaluation.
The ground truth labels for surgical action are annotated
by experts who conduct the data collection of the robot
system. Gripper-object interaction state indicates the contact
of instruments and objects and is derived by the sensor placed
on the gripper, whose value more than the threshold of 0.05
refers to the positive contact. The kinematics of the surgical
robot are obtained to compose the pose of instruments.

B. Implementation Details

The proposed method is implemented by PyTorch and
is trained on NVIDIA TITAN RTX 3090 GPU with 24
GB memory. Deep networks are all optimized by Adam
optimizer and 20 epochs are used for the training stage with
the learning rate set as le-4. All images are downsampled to
320 x 240 and normalized to [0,1] by dividing the maximum
value. During the training process of the temporal exo-ego
fusion network, we use the pretrained encoder for frame-
wise feature extraction to make the training process converge
fast by freezing the parameters to directly extract feature
maps, and we only optimize the weights of temporal fusion
decoders. The coefficients in loss functions are set as wgyc; =
1.0, wste = 1.0 and wp,s = 10.0.

C. Evaluation Metrics

For the task of surgical action and state recognition, we
report four metrics commonly used for classification, i.e.,
accuracy(1), F1 score(?), recall(1) and precision(t). It should
be noted that the metrics for interaction recognition are

calculated by the average of left and right grippers. For the
pose estimation, we report Mean Absolute Error (MAE]) of
three rotation angles and the percentage error lower than 10
degrees (<10°(%)7). All metrics are calculated between the
predicted results and the ground truth.

V. COMPARISON RESULTS AND DISCUSSION

In the subsequent sections, without further clarify, the
bold value in the table refer to the best performance for
each experiment, respectively. The coefficient 7 represents
the used images for training according to the predefined
training split. For example, n = 0.5 refers to half of the
amount of training data. We compare our proposed cross-
view fusion scheme noted as ours with each individual view-
point noted as exo and ego, which only feeds the exocentric
or the egocentric images as input to our network for the
fair comparison. The quantitative and qualitative results are
evaluated on three tasks, i.e., surgical action recognition
(Action), gripper-object interaction recognition (Interaction)
and instrument pose estimation (Pose).

A. Quantitative Results

The quantitative results of the frame-wise exo-ego fusion
scheme compared with two single viewpoints are reported in
Table I for three downstream tasks. Four metrics are reported
for the classification tasks and two metrics are reported for
pose regression, and experiments with different amounts of
training data are conducted. It can be found that our method
achieves the best performance on all metrics when using
the entire training split. Compared with the conventional
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exocentric viewpoints, our method achieves the improvement
of 1.1% and 1.6% on F1 score for action and interaction
recognition, and the decrease of 4.1% for average pose error.
With half of the training data, our proposed method achieves
the best performance on surgical action recognition and pose
estimation, but with poor performance compared with single
exocentric viewpoint. A significant improvement of 9.7%
on F1 score and decrease of 2.6% on MAE is achieved
compared with single viewpoint on action recognition and
pose estimation. When the network is trained with one
fourth data, exo-ego fusion scheme does not achieve superior
performance compare with single exocentric or egocentric
viewpoint. It means that the frame-wise fusion scheme has
more robust performance with respect to larger amount of
training data making the fusion network completely conver-
gence and avoid overfitting, which reflects the constraints of
fusion scheme only based on single image without temporal
cues.

The results of the temporal 3D fusion scheme are reported
in Table II with the same metrics mentioned above. It can
be found that with one hundred percent of training data,
our method achieves the best performance on all metrics
except the percentage lower than 10 degrees. For this metric,
our proposed method achieves the similar performance with
egocentric view and much better performance than that of
exocentric view. Compared with exocentric network, our
method achieves the improvement of 2.5% and 2.6% on F1
score and <10°(%) for action recognition and pose estima-
tion, respectively. With half of the training data, our method
also achieves the best performance on all metrics except the
recall for state recognition. A significant improvement of
2.0% and 1.7% on F1 score and <10°(%) is gained by cross-
view fusion compared with single exocentric viewpoint.
When the training data is decreased to 25%, our method still
achieves the best overall performance except three metrics.
From the above results, it can be found that adding temporal
information greatly contributes to better performance com-
pared with frame-wise 2D feature fusion. Different from the
frame-wise exo-ego fusion scheme, temporal fusion makes
our method relatively more robust to the data amount. With
a small amount of training data, the temporal 3D exo-ego
scheme still benefits from cross-view feature fusion.

Statistical visualization of quantitative results are shown
in Fig. 4 for surgical action and interaction recognition, and
Fig. 5 shows results for instrument pose estimation. In Fig.
4-(a) and Fig. 4-(b), it visualizes the comparison between six
approaches on surgical action recognition and gripper-object
interaction prediction, respectively. The three rows refers to
n = 1.0, n = 0.5, and n = 0.25. It can be found that the
temporal 3D fusion performs significantly better than frame-
wise 2D feature fusion. In Fig. 5, it shows the distribution
of angle errors of instrument pose estimation with the left
on X axis and the right on Y axis. The upper part shows
the cases for temporal 3D exo-ego fusion and the lower
part shows the frame-wise cases. Each column represents
different amount of training data 7 similar to that mentioned
above. The red line visualizes the angular error within ten
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Fig. 4. Visualization of comparison results on four metrics for (a) action
recognition and (b) interaction prediction. Three rows refer to models with
different training data 7 = 1.0, n = 0.5, and n = 0.25.
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Fig. 5. Visualization of comparison results for instrument pose estimation
with (a) temporal 3D fusion and (b) frame-wise 2D fusion. Three columns
refer to models with different training datan = 1.0, n = 0.5, and n = 0.25.
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methods on anastomosis action recognition. The first row refers to our
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degrees as the metric <10°(%), and more scattered points
under this region refers to more accurate pose estimation.
Compared with the second row for frame-wise feautre fusion,
temporal 3D exo-ego fusion performs better for both left and
right instrument pose estimation with more points falling into
the left-lower part of the red line. It can also be found that our
proposed exo-ego fusion scheme achieves the more accurate
pose estimation compared with single viewpoints, and the

Exocentric Viewpoint Egocentric Viewpoint

Fig. 8. Qualitative CAM visualization of cross-view feature fusion by our
method for action recognition. The left part shows the global perception of
exocentric viewpoint and the right part shows the local egocentric viewpoint.

distribution of scattered points is more compact.

B. Qualitative Results

The qualitative results of surgical action and interaction
recognition are shown in Fig. 6 and all results are acquired by
the temporal 3D fusion model with the entire training dataset.
The upper part of the figure visualizes three examples of our
proposed fusion scheme compared with the single exocentric
or egocentric viewpoint on the task of ten surgical actions
recognition. Different actions are represented with different
colors. It can be found that our method achieves the most
accurate and smooth prediction without significant temporal
discontinuity. For surgical long sequences, our method ef-
fectively utilizes the cross-view features and improves the
precision and stability through temporal fusion. The lower
part of Fig. 6 shows three examples on the task of gripper
state estimation, and the first line refers to the left gripper
and the second line refers to the right gripper. During our
established microsurgical scenarios, the left gripper has more
operations than the right part, with more frequent state
changes of close and open. It is obvious that the cross-view
fusion scheme contributes to a more accurate perception of
instrument interaction and can capture detailed state changes
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according to a long anastomosis sequence.

More qualitative results on the task of surgical action
recognition are provided in Fig. 7 and all results are es-
timated by temporal 3D fusion scheme with full training
data. The left part visualizes the confusion matrix and the
right part shows the t-SNE feature clustering [21]. Note that
features used for t-SNE analysis are extracted by the frame-
wise feature extractor. From the results of classification,
compared with the individual global exocentric viewpoint
and local egocentric viewpoint, our proposed exo-ego fusion
scheme achieves the most accurate performance of action
recognition, with only errors acceptably occurring near the
true labels. From the feature space, the cross-view fusion
scheme makes the class-wise feature robust to the distribution
of training labels and form clusters perfectly.

We also provide two examples of visualizations of feature
representations by class activation mapping [22] in Fig.
8, which is commonly implemented to show the focused
area of classification. It can be found that our proposed
cross-view fusion scheme concentrates on instrument-tissue
interactions a lot, especially for the self-occluded regions. It
can prove that the exo-ego cross-view system contributes to
more robust visual perception of self-occlusions caused by
frequent instrument-tissue interactions.

VI. CONCLUSIONS

This work presents a cross-view vision system combining
exocentric and egocentric perspectives to enhance visual
perception in robotic microsurgical anastomosis. Our sys-
tem integrates a conventional top-down-view microscope for
global scene perception with eye-in-hand cameras mounted
on surgical instruments to capture localized instrument-tissue
interactions. To demonstrate the efficacy of the proposed exo-
ego fusion scheme, we design two distinct fusion networks,
i.e., the frame-wise 2D and temporal 3D fusion, and evaluate
on three critical visual perception tasks, including surgical
action recognition, gripper-object interaction prediction, and
instrument pose estimation. A large amount of intraoper-
ative anastomosis data with annotated labels is collected
and diverse experiments are conducted on it. The superior
performance across all three tasks demonstrates that our exo-
ego cross-view system not only enhances the quality of visual
perception but also provides more accurate and interpretable
feature representations for microsurgical understanding. Fu-
ture work will focus on enlarging our dataset with different
intraoperative scenes and extending our results to in vivo
cases to demonstrate the potential application for clinical use.
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