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Abstract

The development of advanced computer vision applica-
tions for open surgical procedures is plagued by the lack
of annotated datasets and the difficulty of their creation.
The first dataset of partially-annotated open surgical videos
was recently curated from YouTube by E. D. Goodman et al.
With it, the first multitask model trained for hand/tool detec-
tion and action segmentation on open surgical videos was
also reported. However, the deployment of this multitask
model on a new open-surgical dataset has shown drastically
reduced performance, hindering the progression of further
developments and clinical research. Here, we perform a
root-cause analysis of this performance degradation and ul-
timately determine that the decrease in performance is due
to resolution, zoom, and contrast shifts between the target
and source data domains. We then retrain the model on the
original dataset but with a more robust data augmentation
procedure - improving model robustness to such changes.
Finally, we evaluate the inference quality before/after our
improvements on our novel dataset and have determined
that our detection accuracy is sufficient to continue with
clinical trials.

1. Introduction
Artificial Intelligence (AI) and Computer Vision (CV)

techniques can provide a scalable and quantitative method
of surgical skill evaluation from videos of open surgical
procedures [21]. However, the development of such tech-
niques is plagued by the lack of accessible annotated sur-
gical videos and the difficulty of acquiring and annotating
such videos. Recently, E. D. Goodman et al. [6] have com-
piled 1997 videos from 23 surgical procedures on YouTube
and partially annotated them to produce the first Annotated
Videos of Open Surgery (AVOS) dataset [6]. In their work,
they reported on a custom multitask model based on a Reti-
nanet backbone [9] to perform both tool/hand detection and
action segmentation. They then show that hand-crafted met-
rics, such as decisiveness and economy of motion, are cor-

related with the surgeons’ skill.
Surgical complications are the third leading cause of

death globally [12], with open procedures being the major-
ity of surgical procedures performed overall [14]. Thus far,
several studies have shown (unsurprisingly) that higher-skill
considered surgeons have lower rates of surgical complica-
tions and surgically-related deaths [2,15]. Therefore, quan-
titatively evaluating surgical skills could provide a valuable
tool for the improvement of surgical techniques while re-
ducing the large variation found in the field. As of yet, few
works have demonstrated the capability of quantitatively
evaluating surgical skill [6]. In collaboration with Harvard
Medical School (HMS), we collected 250 videos of differ-
ent surgical procedures and the resulting clinical outcome
- specifically, when/if the patient’s surgical site infections.
However, deploying E. D. Goodman etal’s model directly
on this HMS dataset showed drastically decreased perfor-
mance, impeding the estimation of the metrics mentioned
above (decisiveness and economy of motion). In this work,
we evaluate and improve the robustness of this multitask
model (see figure 2) by utilizing both an image augmen-
tation pipeline and test a novel “multiscale” convolutional
layer design. We then retrain the model with and without
this multiscale convolution layer on videos of open surgi-
cal procedures, producing both object detection and action
segmentation.

2. Related Works
The development of machine learning based algorithms

for the analysis of videos of open surgical procedures is hin-
dered by the lack of annotated datasets, as well as the chal-
lenging nature of such videos with a high rate of occlusion,
varying lighting, zoom, and the use of different equipment.
Nonetheless, there have been a few works that reported on
the evaluation of surgical skills from video data [5,6,21,23].
One of the first works [5] in this field attempted to detect
both tools and tools-in-hands using an augmented YOLO
architecture. They developed a “variable tissue simulator”
setup to neutralize much of the variance, where different
tissue-like materials were embedded into a static worksta-



Figure 1. AVOS dataset. (A) Distribution of video counts (B) Distribution of video duration (C) Distribution of action labels (D) Distribu-
tion of object labels

tion. Using this setup, 11 medical students, one resident,
and 13 attending surgeons performed four tasks collect-
ing 100 videos of length 2-6 min. They then used the re-
ported augmented YOLO algorithm and achieved a tool,
and hand mAP@0.5 of 0.871 [5]. Unlike previous works,
Zhang et al. collected a large dataset of videos from youtube
of open surgical procedures and annotated them for train-
ing their model [21]. They then used the RetinaNet model
and pre-trained it for hand detection on the EgoHands and
Oxford(hands) datasets [1, 11] before performing transfer
learning onto their surgical dataset. They also incorporated
hand tracking. E. D. Goodman et al. [6] took this model one
step further and attached an action detection head, which
allowed them to perform also action segmentation (after
adding action segmenation labeling to the AVOS dataset).

Thus far, there have been several works investigating
both the evaluation [3, 7, 19, 20] and improving [4, 8, 10, 17,
18, 22] the robustness of neural network models. An inter-

esting approach for improving model robustness is through
the utilization of data augmentation [13]. In their work, Re-
buffi et al. showed that even simple data augmentation could
significantly improve model robustness - ultimately improv-
ing model generalization, resulting in increased validation
set performance. In this spirit, Hendrycks et al. developed
a new and novel image augmentation method, Augmix,
where the image undergoes (randomly) different augmenta-
tions, which are averaged into the output image. Other ex-
amples of image augmentation resulting in improved model
robustness come from the automotive field, where image
augmentations are used to simulate different weather condi-
tions. In their work, Michaelis et al. [10] used style transfer
to augment their images with “winter conditions” such as
snow/frost/fog. Training a model with these augmentations
had improved generalization for winter scenes, which were
not represented well in their source dataset. In another ex-
ample, Tran et al. [17] had access only to daytime-driving



Figure 2. (A) Multitask model architecture. (B) Experimental setup for evaluating the effect of augmentations on model performance.

Figure 3. Multiscale convolution

labeled data. To improve “nighttime” performance, they
used a novel augmentation method to effectively darken the
image, more closely approximating nighttime driving. By
varying (randomly) this augmentation during training, their
YOLO-based model was less affected by the lighting con-
ditions.

3. Data

The Annotated Videos of Open Surgery (AVOS) dataset
contains 1997 manually identified videos of 23 standard and
common open surgical procedures from YouTube (see fig-
ure 1 A, B). Of these 1997 videos, 343 videos were spa-
tiotemporally annotated. Specifically, ten frames were an-
notated from each video with bounding boxes of hands and
surgical tools (electrocautery, needle drivers, and forceps).
The distribution of these labels can be seen in figure 1 D,
where a clear bias towards the hand-class can be seen. Tem-
porally, each video was labeled for action segmentation at
a per-second resolution with either cutting, tying, suturing,
or background labels (see figure 1 C). We split the 343 la-

beled videos into a test/val/train of 55/41/247. Ten frames
were annotated for object detection and second-scale action
labeling for each video. The pre-processing consists of only
a channel-wise mean-subtraction. The frames are resized to
a minimum dimension of 320 and max dimension of 1024
and down-sampled to 30 fps.

The Harvard Medical School (HMS) dataset contains
250 videos of different surgical procedures and the resulting
clinical outcome. Unlike most videos in the AVOS dataset,
it was collected using a static camera setup where a camera
was placed directly above the surgical table. We randomly
selected 57 videos from the HMS dataset and labeled ten
frames from each video (a total of 570 annotated frames).
As the data is for evaluating the effects of surgical skill on
surgical site infections, only the closing was recorded, and
therefore the “bovie” tool is unused - and no annotations
of this tool exist in the dataset. Unfortunately, due to pa-
tient privacy concerns, we are not yet able to display any
images from this dataset. Currently, we are undergoing a
de-identification process to enable wider access to this data
in the future.

4. Methods

The domain shift in surgical videos can largely be at-
tributed to recording quality and type differences. Most of
the videos in the AVOS dataset were captured using a head-
mounted camera, while the HMS dataset was captured us-
ing a stationary overhead camera. As a result, the HMS
videos are substantially more zoomed out than those found
in AVOS. Furthermore, it is apparent that the lighting is
quite different, with our videos appearing somewhat more
“whitened out”. To evaluate model robustness, we will per-
form different data augmentations and study their effect on
mAP on the AVOS validation dataset.



Figure 4. mAP vs. augmentation parameter for 18 different augmentations

4.1. Multitask Model

We used a pre-trained Multitask model [6], which uti-
lizes a modified Retinanet architecture [9]. The model uti-
lizes a shared Retinanet encoder connected to both a Reti-
nanet decoder, which performs object detection, and a sin-
gle 3D convolutional layer from R2PLUS1D5-18 [16] fol-
lowed by one FC layer for Action Segmentation (see figure
2 A for the network architecture) - and was trained for hand
and tool (bovie, needle driver, and forceps) detection and
action (cutting, tying, and suturing) segmentation.

The Retinanet model is a single-stage object detection
model that utilizes a focal loss function in training. It’s
backbone is a Resnet50 model (figure 2 A, left), and it uti-
lizes a Feature Pyramid Network (FPN) (figure 2 A, right).
Anchors are then extracted from the FPN and put through
different object detection heads. We additionally attach
an action segmentation head after the Resnet50 feature en-
coder. Specifically, we use a single 3D convolutional layer
from R2PLUS1D5-18 [16] followed by 2D adaptive max
pooling to a 1x1 spatial dimension and one FC layer for Ac-
tion Segmentation (see figure 2 A for the network architec-
ture). Action segmentation was trained with cross-entropy
loss. As we have a single-backbone, dual-head setup - for
every batch, we first perform forward propagation through
the backbone to both heads, then back-propagate the loss
from both heads and average the loss gradients from both
heads over the backbone during the update step.

4.2. Multitask Model Robustness Evaluation - Aug-
mentation Pipeline

To characterize what image variations have caused the
performance degradation, we created a video augmentation
pipeline that can adaptively perform any combination of
image augmentations. We then used this pipeline before
the Multitask model and used it to evaluate the effect dif-
ferent augmentations had on the model’s performance (see
figure 2 B). Specifically, we are interested in the degree a
specific augmentation causes a reduction in object detec-
tion accuracy – or Mean Average Precision (mAP) at 0.5
intersention-over-union (@0.5).

4.3. Multitask Model Robust Retraining

After evaluating which augmentations caused the most
severe performance degradation, as well as which augmen-
tations are actually (visually) plausible, we will select sev-
eral augmentations to use during retraining. We will then
retrain the multitask model while randomly augmenting the
data during training. As we are training on video data,
we cannot simply augment the videos and create a larger
database; but rather, each time we load a new batch, we will
randomly select some augmentations to apply to each sam-
ple in the batch. I chose to use the Adam optimizer with
a learning rate schedualer of ”ReduceLROnPlateau”. For
images, a batch size of 8 was used and for videos SGD was
used with 8 frames due to GPU constraints. L1 whieght reg-



Figure 5. (A) mAP vs. augmentation strength of the robust original model for different augmentations. (B) Representative example of the
effect of Gamma Contrast (left) and Affine (right) augmentations. Top row is ground truth, middle row is the predictions of the original
multitask model, and the bottom row is the predictions of the robust multitask model.

ularization was also used to reduce overfitting on the target
dataset.

4.4. Multiscale Convolution for Zoom Robustness

After viewing the results from the augmentations
pipeline, it became apparent that some of the issues arise
from scale (zoom) differences between the datasets. Specif-
ically, the HMS dataset seemed significantly more zoomed
out. Upon further investigation, I discovered that scaling is
a common issue with object detection neural networks. In
order to combat this issue, I theorized that perhaps using di-
lated convolutions might serve as a type of solution. Specif-
ically, I designed a custom “multiscale” convolutional layer
where each convolutional filter is applied three times with
a dilation of 1, 2, and 3 (in each case, the image is padded
to produce the same output size). I then take the maximum
activation across these three filters per pixel. Specifically, at

any pixel (i,j) - see figure 3 - I convolve the input image with
the same filter at different dilations and take the maximum
value as my output. Using this method adds no additional
parameters to the model as I use the same weights for all the
dilated convolutions. This method does, however, increase
the number of computations needed for the forward pass,
decreasing the maximum fps. I then replaced the first (7x7)
convolutional layer in the multitask model with this “mul-
tiscale” convolutional layer to see if the model’s robustness
to scale differences is improved. While it would also be in-
teresting to replace all convolutions with this formulation, it
would also slow down the forward run significantly (as we
would need to perform 3x the number of computations per
convolutional layer), and therefore it would make sense to
apply this model only on a few layers in the network.



Figure 6. (top) training curves depicting mAP of the hands/tools
vs Epoch on the val/train dataset. (bottom) trained multiscale con-
volution mAP@0.5 vs zoom

4.5. Additions to Existing Codebase

I will be using the original multitask model codebase,
published by E. D. Goodman et al. [6], and have added
the following: (1) Robustness evaluation script. (2) Aug-
mentation pipeline. (3) Editing data loader to enable con-
trol of image resolution. (4) Multiscale convolution layer
new model implementation. (5) labeling HMS dataset. (7)
Model deployment and evaluation on HMS dataset.

5. Results
5.1. Model Robustness Evaluation on AVOS

We begin by evaluating the original multitask model on
the AVOS dataset with a custom data augmentation pipeline
(see figures 2 B and 4). We have selected 18 possible aug-
mentations and tested the model’s object detection accu-
racy on the validation dataset while sweeping each of the
18 augmentation parameters1. After studying the graphs
seen in fig. 4 and the corresponding augmented images;
we determined that the Gaussian Noise, Affine (Zoom), and
Gamma Contrast augmentations were the most substantial
(and reasonable) augmentations (see figure 5 B for exam-
ples of Gamma Contrast and Affine augmentations).

5.2. Robust Retraining

We then retrained the Multitask model with the robust
augmentation pipeline, where we employed more extreme

1see supporting information for examples of all the augmentations

image augmentations. Using our augmentation pipeline,
our model seemed to generalize better than that of E. D.
Goodman et al., resulting in improved tool and hand detec-
tion. We considered “Model Robustness” to be the extent to
which a model is unaffected by our augmentations. There-
fore, we would hope to see that our retrained model main-
tains high mAP values while undergoing a wide range of
augmentations and augmentation intensities. By studying
figure 5 A, it is apparent that our model manages to produce
more accurate predictions even when undergoing extreme
augmentation. For example, for an Affine augmentation
(zoom) of 0.2, our model succeeded in producing an over-
all detection mAP@0.5 of 0.28 while the original model’s
mAP@0.5 dropped to 0.01.

Furthermore, our model’s relative drop in overall
mAP@0.5 (mAP@0.5 drop at 0.2 affine augmentation vs.
no augmentation) was smaller than that of the original
model - with a drop of 0.35 vs. 0.49, respectively. The im-
provement of model robustness is even more apparent when
studying the effect of affine (zoom) augmentation on hand
detection - where the retrained model retained high accu-
racy (0.74 mAP@0.5) while the original model’s accuracy
dropped to near zero (0.1 mAP@0.5) - see figure 5 A, bot-
tom left. When studying the other augmentations, which
can be seen in figure 5, the same observations are appar-
ent, although not as dominantly as with affine (zoom) aug-
mentation. In figure 5 B, two example images were used
to demonstrate the effect of Gamma Contrast and affine
(zoom) augmentation on the image and the resulting detec-
tions – with the top row being ground truth and the middle
and bottom row being the inference results of the original
and robust pipelines respectively. When studying the ef-
fect of both Gamma Contrast and Affine augmentations, it
is clear that the robust multitask model (figure 5 B bottom)
is more resilient to these augmentations compared to the
original multitask model(figure 5 B middle), where there is
a higher rate of missed detection.

5.3. Multiscale Convolution Model

Next, we tried to train our multiscale convolutional
model. We only replaced the first convolutional layer with
our proposed “multiscale” convolution. As can be seen in
figure 6 (top), the model had convergence issues and con-
verged to a lower setpoint of 0.7 vs. 0.89 mAP@0.5, which
was reached in previous experiments. Furthermore, we
found that the model generalized much worse to our test set,
with drastically decreased performance and higher sensitiv-
ity to zoom. This can be seen in figure 6 (bottom), where
a mAP@0.5 of 0.3-0.5 for hands and a near-zero mAP for
tools was reached. We, therefore, concluded not to use mul-
tiscale convolutions on the HMS dataset.



Figure 7. Robust vs. old multitask model on data that is visually simular to HMS dataset

mAP bovie forceps n. driver hand overall
Original - 0.11 0.06 0.65 0.085
Robust - 0.25 0.30 0.88 0.285

Table 1. mAP@0.5 on the HMS dataset

5.4. Results on HMS Dataset

We ran the robust model on the HMS dataset and saw
significant improvement in tool and hand detection com-
pared to the original model (Table 1). Hand mAP@0.5
performance improved from 0.65 to 0.88, while the tool
mAP@0.5 increased from 0.085 to 0.285. These increases
in accuracy are quite drastic and result in a much-improved
capability of object tracking – ultimately allowing us to cal-
culate the needed metrics. While we cannot show images
from the HMS dataset, we did select a visually similar video
from AVOS and compared the detection results of the robust
and original models.

To qualitatively compare the two models, we selected a
single video from AVOS that was visually similar to the
HMS dataset videos. We then ran inference of both the
old and robust multitask models and compared the detec-
tion results (see figure 7). We found that the robust model
significantly outperformed the old multitask model qualita-
tively as well. However, it is not great at detecting all the
objects in the frame. For example, there is almost no differ-
ence between the left and right frames; however, for some
reason, the robust model did not identify the bottom hand in

the left frame. Furthermore, the left hand was not identified
at all throughout the video.

6. Conclusion/Future Work
As can be seen above, the proposed “multiscale convo-

lution” failed to make the model more scale-invariant. This
could perhaps be due to the selection of only the first con-
volutional layer for this model. It is entirely possible the
deeper layers would benefit more from this approach and
improve model robustness to zoom. If I had additional
compute power, I would test how the robustness is affected
by replacing convolutional of different depths with the pro-
posed multiscale convolutional model.

Our robust model had significantly improved perfor-
mance on the HMS dataset, allowing for the continuation
of the proposed clinical trial. However, there is still much
room for improvement. One major issue with the AVOS
dataset is that most of the videos are very zoomed in – with
the hands mostly out of frame, with only a close-up of the
surgical site. However, we need to see the entire hand to an-
alyze its motion to analyze surgical skills, requiring a more
zoomed-out video. Unfortunately, as we can only train on
AVOS, we have issues generalizing into the HMS dataset.
Therefore, future work will be two-pronged. Firstly, we will
focus on the clinical side of the research. With the improved
detections, detection-based multi-object tracking methods
will benefit greatly, allowing us to continue with the pro-
posed clinical study. Specifically, we will extract and an-
alyze different surgical skill metrics, such as economy of
motion, and see if it correlates to surgical outcomes – in this



case, surgical site infections. The second prong of future
research will focus on incorporating low-data regime tech-
niques such as unsupervised pre-training, semi-supervised
training, and active learning.
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