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ABSTRACT
Intraoperative active bleeding (iAB) is a representative adverse event, and in most
surgical operations, it delays the operation time and damages organs, affecting the
patient’s outcome. The iAB detection model can be used for image-guided surgery
and as a major statistical index in predicting patient outcomes after surgery. How-
ever, detecting iAB is difficult due to the similarity between active and non-active
bleeding or active bleeding in a small area. Using the spatial and temporal char-
acteristics of the iAB area within frames simultaneously can overcome this. We
propose a novel training method that can adequately fuse image segmentation and
temporal action localization models for effective iAB detection. The proposed ac-
tive bleeding detection model has the following supervision process: First, annotate
temporal localization information for active bleeding that is relatively easy to anno-
tate. Next, in the active bleeding section, where temporal localization is annotated,
spatial localization information for selected frames is annotated and used as aux-
iliary information for active bleeding detection. We constructed a cross-validation
set of 40 robotic subtotal gastrectomies and verified the ability of an active bleed-
ing model guided by image segmentation information to bring improvements to the
active bleeding recognition task. In addition, we applied performance evaluation
for outcome analysis by measuring errors in iAB duration and counting in surgical
videos for each algorithm. 1
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1. Introduction

Since adverse intraoperative events (iAEs) delay surgery time and harm the patient
(Bohnen et al. 2016; Bonrath et al. 2013), it is essential to prevent adverse events in
advance. About 23% of iAEs accompany active bleeding, which is detrimental to the
patient during the hemostasis process and delays the operative time. (Zegers et al.
2011). Detecting intraoperative Active Bleeding (iAB) in surgery has two key im-
plications. The first is to provide surgeons with a computer-assisted surgery (CAS)
environment that can increase the efficiency of surgery by detecting the bleeding point
of iAB early in minimally invasive surgery. It requires highly accurate real-time recog-
nition accompanied by localization of active bleeding points. The second is to be a
surgical index for predicting the prognosis of patients after surgery and evaluating

1Please refer to https://sghong977.github.io/bleeding/ for supplementary materials.



(a) iAB (intraoperative Active Bleeding) (b) inner fascia bleeding (c) Blood stained in tissue (d) stagnant blood in a specific area

Figure 1. Taxonomy of intraoperative bleedings.

surgery. Here, the surgical index is related to a statistical index that can affect the
surgical outcome. Assuming accurate detection of iAB can be achieved in a surgical
video recorded during surgery, it can be utilized as a major surgical index related to
the patient’s outcome and recoveries, such as bleeding time, frequency, and amount of
bleeding (Numata et al. 2021; Aoyama et al. 2020). At the same time, these indices
can be actively used for postoperative surgical evaluation and review.

Although detecting intraoperative Active Bleeding (iAB) is important, it demands
heavy cost and time of experts. The automated system of detecting iAB is essential
for this reason, however, there are two main reasons why automated iAB detection has
been difficult so far. First, the color and texture of iAB are similar to those of other
organs or non-active bleeding. Unlike medical videos such as diagnostic endoscopy, the
surgical videos of active bleeding need to be defined more precisely, as bleeding requires
hemostasis during surgery or for use as a surgical index. Figure 1 shows the types of
bleeding that can be found in the surgical video. Active bleeding refers to bleeding that
is actively flowing by the time of surgical intervention (Bohnen et al. 2016; Bonrath
et al. 2013). Blood-stained tissue, inner fascia bleeding, and stagnant blood in a specific
area should be excluded from active bleeding. Next, if the model is eager to recognize
iAB appearing in the surgical video, it must be able to encode the spatiotemporal
features of active bleeding properly. Actions in the general video appear throughout
its duration, but iAB in surgical video occurs locally in the spatiotemporal domain,
resulting in a severe class imbalance. Effective spatiotemporal feature encoding should
be involved in the training and inference process on the iAB to mitigate this.

We formulate the detection of iAB as a temporal action localization (TAL) problem,
similar to the study in (Wei et al. 2021). We applied the following approach to overcome
the two challenges in iAB detection:

• The temporal and spatial locations are utilized simultaneously as supervision
information for effective spatiotemporal feature encoding of iAB.

• A semantic segmentation network is pre-trained on the relatively small dataset
to reduce the annotation burden of spatial location; it generates pseudo-labels
while training the detection model for iAB.

• The operation is evaluated from the TAL perspective, and the evaluation is
meaningful as a surgical index in the entire operation video. The iAB error of
the duration and count is evaluated in the post-operation analysis.

We propose a model that AMplifies Action-context Greater: the Image
segmentation-guided active bleeding detection model (AMAGI) to encode these spa-
tiotemporal feature information simultaneously. Utilizing the AMAGI model, we
achieved high accuracy in iAB detection compared to other SOTA action recogni-
tion models or semantic segmentation models in the surgical video, along with the
lowest error rate even in the surgical index.
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2. Related Work

Intraoperative active bleeding (iAB) detection. Bleeding detection in medi-
cal videos was performed first in diagnostic endoscopy or wireless capsule endoscopy
(WCE) videos. Bleeding detection in endoscopic videos utilized early handcrafted fea-
tures (Fu et al. 2014; Usman et al. 2016), and relatively recent studies using deep
learning have been introduced (Li et al. 2019). Although there is a technical similarity
in the bleeding recognition in the video, the detection difficulty of iAB is relatively high
in the classification of the target’s active bleeding and the complexity of the environ-
ment in the video. Bleeding detection in minimally invasive surgery has been relatively
recent. For iAB detection, similar to endoscopic video, an approach using color fea-
tures was first introduced (Jo et al. 2016; Garcia-Martinez et al. 2017; Okamoto et al.
2019). (Jo et al. 2016) proposed a method to utilize the distribution of color values in a
specific color space, and (Garcia-Martinez et al. 2017; Okamoto et al. 2019) suggested
a machine learning-based classifier for color features. Recently, a CNN-based object
detector-based bleeding recognizer has also been proposed (Hua et al. 2022). However,
it performed iAB detection in a limited number of frames and did not evaluate from
the perspective of the entire surgical video.

More recently, in terms of CAS and surgical video analysis, iAB detection has
been introduced in combination with modern computer vision techniques (Wei et al.
2021; Rabbani 2022). In (Wei et al. 2021), the detection of iAB was introduced in
the context of iAE and active bleeding detection in the surgical video was performed
using a Multi-Stage Temporal Convolutional Network (MS-TCN) (Li et al. 2020)
based on the extracted I3D features (Carreira and Zisserman 2017). It attempts to
alleviate the class imbalance problem by utilizing the focal loss (Lin et al. 2020)
during training, but the evaluation performance was not high enough throughout the
surgical video. In (Rabbani 2022), a Space-Time Memory (STM) (Oh et al. 2019)
network was utilized to formulate iAB detection as a video object segmentation
problem. Synthetic data was used for training to overcome the limitation of requiring
a large amount of spatial information for annotation data due to the characteristics
of video object segmentation. Also, an adversarial domain adaptation technique was
applied to effectively train on synthetic data. However, training and evaluation were
performed from a dataset consisting of limited frames, but the full surgical video was
not evaluated.

Spatiotemporal feature fusion. For active bleeding recognition, a model should
deeply appreciate the spatiotemporal context. Unlike standard multi-modal computer
vision architectures, we only use video frames without any other modality, and del-
icate feature processing for understanding spatiotemporal context is crucial in our
case. In the previous work, BTSNet (Hong and Choi 2021) introduced architecture to
understand input video clips by spatiotemporal feature fusion. The temporal-spatial
pathway (TSP) block of BTSNet contains candidate features from various spatial and
temporal scales and calculates the softmax attention among them. Then these atten-
tions are used for re-weighting given input features, and the features are aggregated.
Similar to BTSNet in terms of feature engineering, we also define several candidate
features for the spatiotemporal surgical information wanted to be obtained and re-
weight candidates. The difference between our fusion idea and BTSNet is that in our
method, the bleed/non-bleed attentions are obtained from the segmentation branch.
These region attentions with slow and fast temporal scale information are aggregated
for the following convolutional operations. Finally, we define four candidate features.
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Besides, high-quality spatial and temporal information is required to improve the
recognition model of active bleeding. Primarily, temporal context is essential to distin-
guish active bleeding from a visually similar scene, for example, blood-stained tissues
in Figure 1. Video action recognition, one of the representative computer vision tasks,
has been actively developed to understand the video context (Tran et al. 2015; Fe-
ichtenhofer et al. 2019; Lin et al. 2019; Feichtenhofer 2020). MS-TCN (Li et al. 2020)
focused on temporal dependencies and suggested a dilated layer that combines small
and large receptive fields, and the previous work (Wei et al. 2021) used this model
for the active bleeding task. In our case, we embedded the commonly used SlowFast
(Feichtenhofer et al. 2019) as a video backbone into our fusion model. Since SlowFast
is capable of extracting slow and fast context in each pathway, these features are best
suited for our fusion model to be manipulated.

Furthermore, we attained spatial context from the semantic segmentation archi-
tecture. Semantic segmentation is a pixel-wise classification task for generating label
masks (Chen et al. 2018; Xiao et al. 2018; Yuan et al. 2020). In this work (Hong
et al. 2020), the semantic segmentation benchmark for cholecystectomy is released
for computer-assisted surgery mechanisms. In our case, we also utilize our spatial
localization dataset to understand active bleeding events in surgery. We trained the
widely-used segmentation model OCR (Yuan et al. 2020) to generate possibly bleeding
regions. In summary, we exploit existing well-designed spatial and temporal context
backbones and devise a fusion-based architecture for active bleeding recognition. Our
model is end-to-end except for using the pre-trained segmentation branch for inference.

3. Methods

In this section, we will explain our model that amplifies action-context greater: the
image segmentation-guided active bleeding localization model (AMAGI). We define
the active bleeding task as having a temporal localization. Temporal localization is
one of the video action recognition tasks that aim to detect activities in the video
stream by predicting the beginning and end timestamps. In the active bleeding sce-
nario, our framework should predict the start and end frames of active bleeding in the
entire surgery recording. We verify our method in the temporal localization task since
our dataset marks entire bleeding events for given surgery videos. For example, the
annotation can evaluate when the bleeding occurred and how long the bleeding lasted.

Our approach is based on a fusion idea that exploits different specialized networks
for recognition to solve the given active bleeding task. In Figure 3, our active bleeding
model fuses the information extracted from two branches: video-based action recogni-
tion and frame-based semantic segmentation. Our model exquisitely grabs the surgical
context by taking advantage of both temporal and spatial features. Furthermore, the
model output is post-processed in the evaluation protocol for better extraction of the
surgical analysis indexes. These surgical indexes are provided to clients to advise how
much the patient loses blood during surgery. The target surgery type of our framework
is robotic subtotal gastrectomy.

Our elaborately designed active bleeding framework can well extract the surgical
analysis index for clinical use. We will describe the temporal context model in 3.1, the
spatial context model in 3.2, the proposed fusion-based bleeding recognition model in
3.3, and the post-processing and surgical analysis index in 3.4.
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Figure 2. Our active bleeding framework for the entire surgery has a long sequence of more than hours.

3.1. Temporal Context Model

First, we use a video-based backbone model to extract the temporal context. We con-
sidered two video backbones, SlowFast (Feichtenhofer et al. 2019) and Multi-Stage
TCN (Li et al. 2020; Wei et al. 2021). SlowFast (Feichtenhofer et al. 2019) is a widely
used 3D CNN-based video action recognition network. It has slow and fast pathways
responsible for extracting contextual information at different tempos. We choose Slow-
Fast as the video backbone of our fusion model, AMAGI. Besides, the existing active
bleeding framework (Wei et al. 2021) uses Multi-Stage TCN (Li et al. 2020) to see the
temporal context. But MS-TCN is not used for the proposed feature fusion architecture
due to its lower performance.

To summarize, we executed three experiments related to temporal context. First,
the proposed fusion model AMAGI contains a video branch. We use the features
of SlowFast for our fusion architecture. Second, we also report the active bleeding
performance of the vanilla SlowFast (Feichtenhofer et al. 2019) network to verify the
effectiveness of our proposed fusion algorithm. Third, we show the performance of the
MS-TCN network to compare with previous work (Wei et al. 2021).

3.2. Spatial Context Model

Although the video-based recognition model comprehends video sequences well, high-
level intelligence is necessary to understand active bleeding in surgery videos. To this
end, we adopt the semantic segmentation backbone model to extract the spatial con-
text. Semantic segmentation is a well-developed computer vision task that generates
semantic label masks by pixel-level classification. The model should consider the fine
details and general context for successful segmentation. Accordingly, existing semantic
segmentation models specialize in picking out detailed spatial features. Even though
the definition of semantic segmentation does not match our goal, since we define our
active bleeding framework as a temporal localization task, we use the segmentation
model as a spatial context provider. In other words, a semantic segmentation network
is embedded in the proposed fusion model as a detailed spatial feature extractor that
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Figure 3. Our active bleeding recognition model AMAGI which is composed of semantic segmentation, action

recognition and feature fusion part.

indicates where the active bleeding occurred in a scene. In a given frame, we extract
features from the last layer composed of two soft mask information, active bleeding,
and background. These spatial features are used in the fusion part of the network,
which is described in the next section.

Spatial features are informative; however, mask annotations on surgical scene se-
mantic segmentation are highly demanding. We pretrain the segmentation model on a
relatively small dataset and freeze the segmentation branch while training the fusion
model. Then the segmentation model only uses inference to generate spatial features,
and we utilize these features as a pseudo label. For implementation, we use one of the
representative semantic segmentation models, HRNet+OCR (Yuan et al. 2020).

3.3. Fusion Model

In this subsection, we will explain our suggesting fusion network which utilizes the
previously mentioned temporal and spatial context specialized branches. As we pre-
viously mentioned, the temporal context model SlowFast (Feichtenhofer et al. 2019)
contains slow and fast pathway features, and the spatial context model OCR is able
to highlight the area where the bleeding is likely to occur. In our fusion model, the
spatial feature is used for emphasizing each slow and fast features. As shown in Figure
3, we will describe in the next paragraph how the fusion layers combine spatiotemporal
information.

Given input clip x = x0...xt−1, we extract spatial and temporal context with each
backbone. We notate slow and fast pathway features from the SlowFast as slow and fast
which contain the temporal context of active bleeding in robotic subtotal gastrectomy.
The spatial context features segout are extracted from the center frame of the clip
by using the pre-trained semantic segmentation model. The pre-trained segmentation
model provides the soft label to temporal context features which suggest where should
be focused for recognizing active bleeding. We resize and normalize the segmentation
output segout through 2D convolution with the kernel size and stride as 8 following
sigmoid as activation function. The feature is split along the channel dimension to
attain the class-wise spatial information: each class is responsible for the background
and active bleeding area.

m0,m1 = Split(σ(Conv2D(segout))) (1)
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Before fusing spatial and temporal context, a linear transform is applied to tem-
poral context features and notate them as slow′ and fast′. We use 3d convolu-
tion with 1 spatial kernel, and time step and output channel dimension of convo-
lution are properly controlled by model hyperparameters channel reduction rate and
time reduction rate. The class-wise spatial features in equation (1) are tiled to overlap
to temporal context features slow′ and fast′.

m′
0,m

′
1 = Tile(m0), T ile(m1) (2)

There are several steps to fuse the spatial and temporal context information. First,
we calculate features in class-wise and tempo-wise ways. We compute every 4 possible
combinations (a slow or fast, and active bleeding area or not) by Hadamard product
between temporal and spatial features. These features carefully observe spatiotemporal
information from the background and active bleeding regions separately. Second, we
combine divided features with the same tempo. For example, we add the background-
highlighted fast pathway feature to the active bleeding highlighted one. Then, the
class-aggregated feature of the fast pathway passes through the 3D convolution with a
1*1*1 kernel and the same output channel dimension. The same procedure is applied
to process slow embedding. To obtain embedfast and embedslow, we have the residual
connection on each pathway feature.

embedfast = Conv3D((fast′ ⊙m′
0) + (fast′ ⊙m′

1)) + fast′ (3)

Then embedfast and embedslow are concatenated to get the fusion feature embedding
embedfuse. Before combining, we flatten the temporal dimension of features to be the
same size, by 3D convolution with the 1*1 spatial kernel, calculated temporal kernel
and output channel size.

embedfuse = Concatenate(Conv3D(embedslow), Conv3D(embedfast)) (4)

Before flattening the spatial dimension, the feature embedfuse is processed with 1*1
2D convolution. Then we use global average pooling to make the feature flat. Last,
dropout and fully connected layers are applied to feature for the final decision.

out = FC(Dropout(GAP (Conv2D(embedfuse)))) (5)

Output logits indicate whether the center frame of the input clip contains active
bleeding or not. To summarize, our active bleeding recognition model AMAGI has
three components: spatial, temporal context backbones, and the feature fusion part.
The fusion layer manipulates semantics of slow and fast, bleed/non-bleed region as
we described in this paragraph, and helps make a decision well. The entire network is
trained in an end-to-end manner except for the semantic segmentation branch.

3.4. Post-processing and Surgical Analysis Index

The ultimate goal of our active bleeding framework is to provide AI-predicted surgical
measures that represent implicit information about bleeding events during the entire
surgery. To this end, we have two more procedures in our framework: post-processing
and surgical index measuring.
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(a) Our annotation tool for TAL annotation (b) CVAT for spatial localization annotation

Figure 4. TAL and spatial localization labeling examples for iAB annotation.

In the post-processing step, we use traditional noise removal algorithms in the com-
puter vision area. The proposed active bleeding model predicts the entire surgical
video in the evaluation stage. However, the prediction results tend to be noisy due
to the limited input size of the clip-by-clip prediction model. We introduce the noise
removal steps based on classical computer vision operations to alleviate the issue. We
apply a median filter, opening and closing morphological operations sequentially with
kernel sizes of 11, 30, and 10 each. The kernel size means the window size for each
operation to be applied on per-frame predicted outputs.

In addition, we use two surgical analysis indexes to extract statistics from the entire
surgery video. The bleeding count indicates the number of consecutive bleeding events
in our temporal localization output. Bleeding duration is the time that active bleeding
occurs in entire surgery videos. Post-processing should be applied before measuring
surgical indices. Figure 2 shows the surgical analysis index and how the inference
output changes before and after post-processing.

4. Experiments

We experimented with various settings to verify our active bleeding framework. First,
we show a performance comparison of models that are in spatial context only, tem-
poral context models, and our fusion model AMAGI in Table 1. We applied the same
post-processing for all models. The results indicate our proposed model consistently
outperforms state-of-the-art existing algorithms. Moreover, we analyze the results with
binary classification metrics and a surgical analysis index. We also provide a detailed
analysis of model robustness with the area under the curves (AUC) of the ROC and
precision-recall curves. Lastly, we have Grad-CAM visualizations to prove that our
model is successfully trained to concentrate on areas where bleeding is likely to occur.

Dataset. We generated a dataset using 40 robotic subtotal gastrectomies for gastric
cancer to train AMAGI models for iAB detection. The baseline, initiation, and end
points for iAB were defined in discussion with three surgeons. In our data generation
process, the spatial and temporal bleeding localization datasets are all defined and
annotated by surgical experts. Each surgical video was then annotated with the start
and end points of iAB by each of the trained annotators. With two annotations, one
specialist confirms the TAL label of the final merged iAB. For spatial annotation on
iAB, one frame is selected randomly within one iAB TAL event. In iAB’s spatial
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Table 1. Performance of Active bleeding frameworks. First Table. We report after post-processing 3-fold case

averaged scores with standard deviations. All models are trained on R-40 temporal localization dataset. Second

Table. We also report a confusion matrix.

R-40 Evaluation Metrics of Binary Classification surgical analysis index

Models Accuracy Precision Recall F1 score Count Err.a Duration Err.b

HRNet+OCR 32.04± 5.58 15.17± 0.23 95.22± 3.63 25.96± 0.20 28.1± 11.92 87.88± 6.54
MS-TCN 36.68± 49.35 6.57± 5.76 66.00± 57.17 11.77± 10.29 16.0± 3.0 28.34± 20.36
SlowFast-50 77.14± 10.76 32.37± 10.17 51.37± 18.96 36.60± 3.92 26.8± 19.77 17.00± 23.98
SlowFast-152 76.26± 3.59 29.77± 4.15 60.42± 5.51 39.09± 2.50 40.8± 13.50 18.11± 7.88
AMAGI-50 82.67± 0.92 35.05± 1.09 39.96± 9.74 36.06± 4.29 12.3± 1.37 5.83± 0.68
AMAGI-152 84.99± 1.05 40.18± 4.25 31.29± 3.89 34.04± 1.48 13.2± 1.60 5.09± 1.94

a Blood count error indicates the 3-fold averaged MAE (Mean Absolute Error) counts.
b Blood duration error is the 3-fold averaged MAE (Mean Absolute Error) minutes.

Confusion Matrix TP FP FN TN

SlowFast-50 166,448 423,576 148,593 1,673,875
AMAGI-50 126,315 231,495 188,726 1,865,956
AMAGI-152 99,016 146,860 216,025 1,950,591

annotation on selected frames, one annotator creates polygons, and one specialist
finalizes them to confirm polygon information. For the TAL annotation of iAB, a
self-implemented video annotation tool and CVAT (Sekachev et al. 2020) was used to
annotate spatial polygon information. Figure 4 shows an example of TAL annotation
and spatial localization annotation for iAB.

In our experiments, we use these two types of annotations to train the active bleed-
ing recognition model: temporal localization and spatial localization. The temporal
localization dataset is a set of start and end points of active bleeding in the entire
surgery recordings. The spatial localization dataset is composed of pairs of images and
binary masks. The zero-one labels in the binary mask indicate whether it is an active
bleeding pixel or not. These large-scaled annotations are all executed by clinical spe-
cialists. In Table 2, we divide 40 cases into 30 and 10 for each train and test set of the
3-fold cross-validation set. We have spatial localization annotations on several frames
according to the cross-validation cases. In the case of temporal localization annota-
tions, we generated clips with lengths of 240 and less than 50 for each non-bleeding
and bleeding clip for training. We evaluate the models as a temporal localization task
in 10 fps of all 10 test cases for each cross-validation set.

Evaluation Metrics. We have two types of evaluation metrics. We report the per-
formance of binary classification metrics generally used for machine learning tasks. We
sum up the frame-by-frame prediction and count true positives (TP), false positives
(FP), false negatives (FN), and true negatives (TN). These can produce accuracy, pre-
cision, recall, and an f1 score. We also provide ROC and precision-recall curves with
AUC on various thresholds for detailed explanations. Additionally, we show surgical
analysis indexes that are straightforward to carry the bleeding information for clinical
use. All evaluation metrics are calculated after post-processing since the process is
one of the major components of our framework. This process is crucial to extract-
ing the surgical analysis index, although post-processing slightly decreases the binary
classification metrics.

Model Types and Experimental Settings. We have three different types of
model for comparison: semantic segmentation only, action recognition only, and fusion-
based model AMAGI. First, semantic segmentation only setting use the spatial local-
ization dataset to train the model. For semantic segmentation, we use OCR (Yuan
et al. 2020) algorithm with HRNet backbone (Wang et al. 2019) and follow the of-
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Table 2. The size of 3-fold cross validation set. Our dataset of spatial localization and temporal localization.

Dataset train split1 train split2 train split3 test split1 test split2 test split3

Cross-Validation Surgery Cases 30 30 30 10 10 10
Spatial Localization (images) 1315 1388 1439 532 459 408
Temporal Localization (clips) 51846 51718 51711 all video frames in 10 fps

Table 3. Performance of pretrained semantic segmenta-
tion in spatial localization dataset. We report best epoch

for validation set.

IoU split1 split2 split3 3-fold avg.

Background 98.70 98.90 99.00 98.87± 0.15
Bleeding 41.51 46.92 49.16 45.86± 3.93
Mean 70.10 72.91 74.07 72.36± 2.04

ficial github implementation. Our configuration for OCR is the batch size 32, SGD
optimizer, learning rate 0.01, weight decay 5e-4, 300 epochs, and resize image into
512 × 512. We choose the best model at validation epoch about mean IoU. Second,
action recognition only setting use the temporal localization dataset for training. We
experimented SlowFast (Feichtenhofer et al. 2019) and MS-TCN (Li et al. 2020) for
action recognition. Third, the fusion-based model takes both spatial and temporal
localization annotations. We implemented the SlowFast (Feichtenhofer et al. 2019)
and fusion model on mmaction2 (Contributors 2020) environment of open-mmlab.
We pre-trained the segmentation model with spatial localization, then port this code
to mmaction2 (Contributors 2020) to extract the spatial context features as pseudo
labels. We use exactly the same learned parameters with segmentation only setting,
and these parameters are not updated during training the fusion model. We only use
temporal localization annotation when training the fusion model, which is the same
procedure as SlowFast setting. Our configurations for SlowFast and AMAGI are clip
length 8, frame interval 3, speed ratio 2, channel ratio 8, 2 GPUs, batch size 64 per
GPU, optimizer SGD with learning rate 0.01, momentum 0.9, weight decay 4e-5, cosine
annealing scheduler with linear warm up, 100 epochs, choose last epoch for testing,
and resize image into 224 × 224. We loaded the pretrained SlowFast parameters in
Kinetics-400. For the fusion part, time reduction rate and channel reduction rates are
set to 2.

In the case of MS-TCN, we use the official MS-TCN Github for implementation.
We use mean squared error and cross-entropy losses to train 100 epochs. 2D CNN
features are extracted from ResNet. Although the model is designed to see the entire
video, it was hard to converge the loss due to the class imbalance and long sequence.
So we split the input video into 10 segments and use 1 video per iteration, and the
batch size was set to 10. We use 2 stages and 3 layers since it performs better than
the larger one.

4.1. Overall Performance

In Table 1, we report the overall performance of the active bleeding task. We report
case-averaged 3-fold cross-validation results to normalize the length of each surgery
case. First, our fusion model AMAGI consistently outperforms those of other models.
AMAGIs have the best accuracy and precision compared to other models, including
the previous active bleeding work (Wei et al. 2021). The best recall and F1 models,
OCR and SlowFast, have a low score in respect of accuracy and precision. We focused
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Figure 5. First Row. There are ROC and precision-recall curves of fusion model AMAGI and temporal
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the graph. Both two curves are important to observe the trade-off of the active bleeding prediction.

Table 4. Performance comparison respect to ROC AUC and Precision-Recall
AUC. We averaged the performance of validation cases in 3-fold set.

ROC AUC Precision-Recall AUC

threshold step SlowFast-50 AMAGI-50 SlowFast-50 AMAGI-50

0.05 0.69398 0.71937 0.34852 0.34651
0.01 0.70745 0.74363 0.33728 0.33933
0.001 0.71767 0.75998 0.33265 0.33658

threshold step HRNet+OCR HRNet+OCR

2000 0.68839 0.31409
4000 0.66917 0.31455

on precision among the binary classification metrics because we aim to measure the
amount of active bleeding accurately. Figure 6 shows the importance of precision. At
this point, the fusion model AMAGIs generally achieve better than other settings. Our
models also beat others on the surgical analysis index with small standard deviations.
Besides, we find out that the MS-TCN is hard to converge in our case since the
sequence is too long and a small portion of the bleeding periods are negligible. Then
the model tends to be biased toward one class to converge the loss function. We also
experimented on different model depths {50, 152}, and the results in Table 1 confirmed
that our model consistently defeats others. In the second table of Table 1, we report
the confusion matrix. The result indicates that a ratio of true and false positives is
improved using AMAGI. Also, true negative is relatively enhanced much considering
the trade-offs. Since it is difficult to judge due to the trade-off in binary classification
measures, a more detailed analysis will be provided in the next subsection in relation
to model robustness and bleeding thresholds.

Additionally, we present the performance of pre-trained segmentation used by our
fusion model AMAGI in Table 3. Segmentation performance must be good, which
can be evaluated with our limited number of spatial localization datasets to give a
better guide. As a result, the mean IoU of 3-fold cross-validation is about 72. This
segmentation model is the same as HRNet+OCR in Table 1, and we loaded these
pre-trained model parameters into the fusion model AMAGI. When these pre-trained
model parameters were utilized in the fusion model, the fusion models showed excellent
performance in Table 1.

4.2. Model Robustness

Although our fusion model AMAGI achieves great performance, we confirmed that
there is a trade-off between binary classification metrics in the previous subsection.
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Figure 6. Model prediction comparisons of active bleeding framework which we defined as the temporal
localization task. Example surgery case is from the validation set.

Thus, we reflected on the trade-offs using two diagnostic tools, ROC and Precision-
Recall curves, and provided a rich analysis of our active bleeding framework. Briefly
saying, ROC (receiver operating characteristic) curve has two parameters to plot, TPR
(true positive rate) and FPR (false positive rate) in different thresholds. Similarly,
the precision-recall curve needs precision and recall to plot the trade-off of model
robustness. We control the robustness of the bleeding prediction model by changing
the decision threshold of temporal localization results. Both two curves are important
to interpret the trade-off of the model prediction.

In the first row of Figure 5, we draw two types of curves for AMAGI and SlowFast.
We averaged the same threshold results of the test cases in 3-fold cross-validation. We
use a threshold step of 0.01 from zero to one for the plot. Since precision tends to have a
low value in the graphs, it seems that the active bleeding task has difficulty inherently.
Nevertheless, our model has superior performance to the existing model, SlowFast.
Likewise, the second row of Figure 5 indicates the graphs of the segmentation model
OCR. Previously, we judged if the frame has any active bleeding classified pixels in
the default setting, but we verified the various threshold steps in the range of 0 to
70000. We use threshold steps of 2000 for plotting. The ROC and PR curves of the
segmentation model are located lower than the curves of the models in the first row. To
summarize, our fusion model AMAGI has superior performance compared to SlowFast
and OCR.

Table 4 supports our argument as a basis. We calculate the AUCs (area under
the curve) of ROC and PR curves to compare which model has better performance
in reflecting the trade-offs. Our performance excellence is more pronounced when we
give more finely-detailed steps on thresholds.

4.3. Visualizations

We have two visualizations to demonstrate the significance of our fusion model. First,
visualization of temporal localization in Figure 6 indicates active bleeding prediction
results of an example surgery case. Our fusion-based model AMAGI best matches the
annotation of temporal localization discussed in the surgical analysis index of Table 1.
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Figure 7. GradCAM Visualization.

Additionally, we have a visualization for understanding how the deep learning model
makes a decision. In Figure 7, we compare the gradient-weighted class activation map-
ping (Grad-CAM) visualization of AMAGI and SlowFast. Grad-CAM is a visual ex-
planation algorithm to interpret the trained deep learning model. This algorithm is
applied to an already-trained model and produces a heatmap of the important regions
for decisions in a given clip input. We visualize two types of deep neural network lay-
ers: the fast pathway of SlowFast and the fusion layer of AMAGI. The fast pathway is
a part of the video backbone, and both our fusion and temporal context-only models
(SlowFast only setting) have this structure identically. Figure 5 has two example cases
in the validation set. The second and third columns display the GradCAM heatmap
of the last layer of the fast pathway. The fourth column is the visualization of the
fusion layer that our model AMAGI contains only. Overall, heatmaps of the fusion
layer concentrate on possibly-bleeding areas of the organ. We can interpret that the
fusion layer is much more aware of the bleeding area than the SlowFast layer because
the segmentation branch highlights important regions as we intended.

5. Discussion and Conclusion

Detecting active bleeding among iAEs is essential in establishing a CAS environment
related to image-guided surgery, postoperative surgical analysis, and patient outcome
prediction. More focusing on postoperative surgical analysis, we proposed an AMAGI
model that appropriately fused spatiotemporal features in the training and inference
stages and evaluated it from the entire surgical video analysis perspective. The AMAGI
model was evaluated in terms of TAL and achieved improved performance in terms
of recognition accuracy and error of surgical index. We expect our model to help
analyze the surgical videos in the automated system. Nevertheless, the feature fusion
for the AMAGI model still has potential for improvement, and further analysis of
the correlation between training data quantity and recognition performance is needed.
We expect that from the training methodology of the proposed AMAGI model, other
approaches that consider effective spatiotemporal supervision for iAB detection at the
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same time will be extended.
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