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A B S T R A C T

Background and objective: Surgical Phase Recognition systems are used to support the automated documentation 
of a procedure and to provide the surgical team with real-time feedback, potentially improving surgical outcome 
and reducing adverse events. The objective of this work is to develop a model for endoscopic pituitary surgery, a 
challenging procedure for phase recognition due to the high variability in the order of surgical phases.
Methods: A dataset of 69 pituitary endoscopic videos was collected and labelled by two surgeons in seven 
different phases. The architecture proposed comprises a Convolutional Neural Network to identify spatial fea
tures in individual frames, and a Segment Attentive Hierarchical Consistency Network (which combines Tem
poral Convolutional Networks with attention mechanisms) to learn temporal relationship information between 
frames and segments at different temporal scales. Finally, predictions are refined with an adaptative mode 
window.
Results: We have built and made publicly available the largest pituitary endoscopic surgery database to date, 
named PituPhase. We have built a model with a 73 % accuracy (75 % using a 10 s relaxed boundary). This result 
is comparable to other state-of-the-art methods in this surgical domain despite the challenges of the dataset (only 
10 % of the videos are complete and only 3 % present all phases in the same order, versus 90 % and 50 % 
respectively in other studies).
Conclusions: Attention mechanisms in combination with Temporal Convolutional Networks and adaptive mode 
windows improve the performance of Surgical Phase Recognition systems and are robust to missing video sec
tions and high variability in phase order.

1. Introduction

The pituitary gland, or hypophysis, is an endocrine gland located at 
the skull’s base responsible for internal homeostasis [1] which can be 
affected by intracranial tumours. Specifically, pituitary neuroendocrine 
tumours account for 15 % of benign intracranial tumours [2]. In the 
1990s [3] a new technique emerged for the treatment of these tumours 
using the endoscope as a source of vision and removing them in a 
minimally invasive way, so it was no longer necessary to retract the 

cerebral lobes to reach deep intracranial locations [4]. This surgery has 
advantages over previous techniques, improving the visualization of 
deep structures and reducing patients’ intraoperative and hospital
isation time. Therefore, endoscopic pituitary surgery is a safe and 
effective approach widely applied nowadays. Nevertheless, it is a pro
cedure with intricate anatomical aspects where precise visual oversight 
of every surgical action is essential for achieving favourable outcomes 
[5]. This underscores the significance of continuously refining the 
technique [4]. Acquiring a comprehensive understanding of the surgical 
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procedure, along with its various phases, is crucial for gaining expertise 
in technique development.

Since the early 2000s, enhancing efficiency in the healthcare sector 
has been related to monitoring and preventing adverse events within 
operating rooms [6]. Applying decision support systems based on Arti
ficial Intelligence (AI) can be a significant aid in improving patient 
safety. Specifically, the automatic identification of surgical phases, 
referred to as Surgical Phase Recognition (SPR), has the potential to 
serve as a critical component of intraoperative decision support systems 
by enhancing communication among operating room professionals. The 
aim is to identify the action being performed by the surgeon at any given 
moment during the operation.

These systems could aid in the automatic indexing of surgical videos 
providing a valuable educational resource. Likewise, SPR-based systems 
contribute to establish a standardised surgical protocol, essential for 
educational purposes and post-operative patient monitoring [7]. Other 
potential applications include training or evaluating new surgeons, who 
currently require a long learning curve [8], and selecting relevant 
frames and video segments to incorporate them in an automatically 
generated surgery report. Furthermore, optimising operating room uti
lisation and efficient scheduling of medical teams could be achieved by 
predicting the time required to complete an intervention [9]. In 2018, a 
study was published including the design of regressors to predict surgery 
times while surgery was being performed, which is also closely related to 
the different phases of the surgical procedure [10].

In the future, implementing SPR in clinical decision support systems 
will allow to determine which patients can undergo surgery with guar
anteed success and will help to mitigate surgical errors by providing 
early warnings upon detecting anomalies in the technique, thereby 
lessening the negative impacts of the surgery [11].

In 2012, the first SPR algorithms emerged, aimed at recognising the 
phases of laparoscopic cholecystectomy and were based on machine 
learning techniques [12]. These early systems used biomedical data, 
such as signals from the anaesthesia system or signals of a surgical tool 
tracking system, which yielded a general statistical description of the 
surgical process. They were also aided by annotations taken during the 
operation by a technician, such as the action being performed by the 
nurse or surgeon at any given moment [13]. Yet, they did not use images 
and were based on the complete temporal sequence, preventing their 
application to an online surgical scenario.

Later on, the models were trained with features manually extracted 
from the video frames. The images were processed, and values such as 
the gradient in a specific direction, the histogram, or the maximum and 
minimum intensity were extracted [14]. The classification models were 
trained through vectors containing those features; however, details that 
could be important for classification were lost during the extraction 
process. Furthermore, specifically in videos of endoscopic surgeries, the 
design and choice of features for classification is a challenge of great 
difficulty due to the visual complexities of this type of video, as the 
camera is not static, so there is motion blur and some artefacts (see Fig. 1
(a) and (b)). In addition, the lenses are smeared with blood, blurring the 
image and opaquing the vision.

More recent works designed models such as EndoNet in 2017 [15] 
which applied tool recognition for phase detection in laparoscopic 
cholecystectomy surgeries. EndoNet already used images as a direct 
source of information for feature extraction through Convolutional 
Neural Networks (CNN) [15]. Thanks to these, inherent characteristics 
of the images were learned to perform the classification, avoiding the 
undesired loss of information. These updated models, besides, incor
porate temporal information for classification to obtain the temporal 
dependencies between frames. The oldest studies used Hidden Markov 
Models (HMM) for that purpose. However, these are statistical models 
with pre-defined dependencies that cannot accurately represent the 
subtle movements of surgical videos [16]. For this reason, other alter
natives, like EndoLSTM or MTRCNet-CL [17], which used a Long 
Short-Term Memory (LSTM), obtained better results [18]. Nevertheless, 

these models lacked parallelisation capabilities, so they process data 
sequentially, which makes harder and slows down the training of these 
networks. In addition, LSTM lacked ability to capture long-term video 
context, making them suboptimal for SPR, as surgery videos usually last 
about an hour.

Another approach that has been tested relied on Temporal Con
volutional Networks (TCN) [19] with dilated convolutions, an 
encoder-decoder architecture characterized by its ability to capture both 
high- and low-level features as well as by its larger receptive field in 
comparison with LSTM achieving a better performance [7]. This 
research line led to the emergence of Multi-Stage TCNs [20] which 
consist of various blocks of stacked TCN in such a way that each of them 
refines the prediction made by the previous one. This method was used 
for the first time in TeCNO [7] outperforming various state-of-the-art 
LSTM approaches. In addition to these neural networks, some studies, 
like SV-RCNet [16], applied certain constraints based on domain 
knowledge at the end of the classification called Prior Knowledge 
Inference (PKI), refining model results. Utilizing some filters, called 
Temporal Smoothing Functions (TSF), also help to improve model per
formance in recent works [11], reducing volatility in the predictions.

Nowadays, one of the most advanced fields of artificial intelligence 
in video understanding are attention networks [21]. These are charac
terised by the ability to establish long-range temporal relationships, 
whereas previous methods had more limited memory. Endoscopic 

Fig. 1. Challenges in Surgical Phase Recognition in endoscopic pituitary sur
gery. The text in the upper left corner of each image indicates the phase to 
which it belongs. In each row, a different difficulty is represented (a) artefacts, 
(b) blurred images caused by the presence of smoke or fluids on the lens, as well 
as by the movement of the cameras during operation, (c) low variability be
tween phases, (d) high variability within the same phase.
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pituitary surgery takes more than an hour, so these new methods seem 
promising. In addition, transformers try to learn, not only frame-level 
features, but also high-level segment semantics. They have already 
shown to be effective in laparoscopic cholecystectomy with works such 
as MS-ASCT [22], SAHC [23] and OperA [24], all of which achieved 
state of the art performance and even obtained better results than the 
recurrent neural network-based methods used to date. The same is true 
for endoscopic pituitary surgery, as seen in the PitVis-2023 Challenge 
[25], where the top-performing architecture incorporated attention.

Endoscopic pituitary surgery has been the object of only three studies 
[11,25,26], as opposed to laparoscopic cholecystectomy that has been 
investigated thoroughly. This is mainly due to the great complexity 
involved, as it is a longer procedure (Cholec80 videos averaged 34 min 
compared to more than 1 h in PituPhase dataset) and there is great 
intra-phase variability accompanied by minute inter-phase variability 
(see Fig. 1(c) and (d)). Moreover, cholecystectomies are more stand
ardised, so the phases follow a sequential order making it easier to 
model temporal information while in the case of endoscopic pituitary 
surgeries, there are different workflows with large variations in the step 
order complicating the classification [26].

Additionally, endoscopic pituitary surgery presents a unique chal
lenge due to its smaller surgical working field, often resulting in 
obscured images by instruments or bleeding. Consequently, there’s a 
frequent need to remove the endoscope for cleaning or readjusting the 
field of vision, leading to brief periods of image loss, as illustrated in 
Fig. 1. This results in rapid fluctuations in predictions, diminishing 
clinical confidence in these systems [11]. Usually, frames where the 
endoscope is placed outside the body are not taken into account during 
the development of SPR systems, either because these moments are 
removed from the videos [23] or because they are included as part of 
other phases [27]. Currently, there is only one public database of 
endoscopic pituitary surgery published for the PitVis-2023 Challenge 
[25].

On the other hand, virtually all articles published to date have been 
conducted using publicly available databases, and most of them with 
Cholec80, where videos are standardized, presenting much shorter du
rations than real surgeries and omitting unusual phases that are present 
in real-world data, such as the included in our work. The study con
ducted by Kirtac, K et al. [27] demonstrated strong differences between 
a real-world database and Cholec80, wherein even with 384 videos, 
compared to the 80 in the public database, similar results could not be 
achieved with differences of up to 20 % in metrics such as precision and 
recall. Therefore, we consider studies like ours to be essential for 
advancing the field of SPR, as working with standardized datasets 
generate models that are unable to detect minority phases present in real 
surgeries, thus rendering the application of these systems in a real 
clinical setting less reliable.

This paper presents the construction and publication of the largest 
real-world labelled dataset of endoscopic pituitary surgery including a 
phase to identify when the endoscope is outside the body. Also, a CNN is 
trained for spatial frame-level feature extraction. Then, for the first- 
time, attention is combined with TCN’s to model temporal informa
tion in endoscopic pituitary surgery with a Segment-Attentive Hierar
chical Consistency (SAHC) network. Finally, adaptative mode windows 
were used to refine the classification. Relaxed boundary evaluation 
metrics were used for this problem achieving the state-of-the-art results 
and even improving them demonstrating the importance of introducing 
temporal information into the model. Additionally, this approach will be 
tested using the PitVis Challenge database, evaluating the generalisation 
of the network in an external database. To our knowledge, no other 
research group has trained a deep learning-based model for SPR in 
neurosurgery including a phase out of the patient, nor has applied 
attention combined with TCN methods, one of the newest approaches of 
current research.

2. Methods

2.1. Data

PituPhase-SurgeryAI dataset comprised 69 anonymized surgical 
procedures, with an average duration of 82 min. Both, complete and 
incomplete surgeries, were included. Specifically, 21 % of surgeries 
were incomplete. Pituitary endoscopies were conducted on patients with 
an average age of 60.24 ± 14.18 years by neurosurgeons of Hospital 12 
de Octubre. All the patients were diagnosed with pituitary adenoma 
except two of them, one with meningioma and another one with cra
niopharyngioma. Every video was acquired via the endoscope at a fre
quency of 25 frames per second, with each frame maintaining a 
resolution of 1920 × 1080 pixels. This study was conducted with the 
formal approval of the Ethics Committee of Hospital 12 de Octubre.

Data were partitioned at patients’ level, allocating 80 % for training, 
i.e., 55 patients and 20 % for testing, i.e., 14 patients. Within the training 
set of 55 patients, five additional 80-20 partitions were created to 
generate a fivefold cross-validation dataset, which was utilized to fine- 
tune the network hyperparameters during the training process.

In order to test our model on an external database, we used the data 
presented at the PitVis Challenge [25], a set of 25 videos of endoscopic 
pituitary surgeries with an average duration of 72.8 min labelled in 12 
different steps. For more details see https://doi.org/10.5522/04/26 
531686.v2.

2.2. Surgical phases definition

A phase is a major event occurring during a surgical procedure, 
composed of several steps [28]. There is a previous work from a 
consensus group using the Delphi methodologies to identify the main 
surgical phases in endoscopic pituitary surgery that we have used as a 
reference [28]. In our PituPhase dataset the decision on the name and 
number of phases was made by consensus between two neurosurgeons 
before the labelling task. Initially, they described nine different phases 
(see Table I) largely corresponding to those described in the referred 
consensus document [28]. The first two phases (Oto1 and Oto2) were 
performed by the otolaryngologist, so they were not present in most of 
the videos and we do not consider them. Nonetheless, they will be taken 
into account for the recording of future interventions. Therefore, the 
videos were finally labelled in seven different phases. This includes an 
"Outside the body" phase (P0), which was defined to group all those 
frames in which the endoscope was placed outside the patient. Fig. 2
shows an example frame depicting each phase.

Table 1 
Phases of transnasal endoscopic surgery.

ID Name Start End

Oto1 Optics Preparation Recording connected Enter the nose
Oto2 Middle turbinate 

resection
Optic insertion, 
dissection and cutting 
of the turbinate

Hemostasis of the 
turbinate

P0 Outside the body Endoscope exits the 
body

Endoscope enters the 
body

P1 Nasoseptal flap 
preparation

Creation of the flap 
from the nasal septum

Placement of the flap 
in the maxillary sinus, 
choana

P2 Ethmoidectomy and 
sphenoidal sinus 
opening

Ethmoid resection; 
resection of the 
posterior septum

Sphenoid sinus 
drilling and removal 
of its mucosa

P3 Selar opening Drilling of rostrum 
and sella turcica

Exposed sella dura

P4 Dural opening Dura coagulation End and beginning of 
resection

P5 Tumour resection Tumor resection Hemostasis
P6 Dural closure Placement of fat/ 

Duragen
Placement of the 
nasoseptal flap/ 
Tisseel
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Doctors encountered challenges in pinpointing the precise moment 
of transition between two distinct phases during the labelling process. 
This difficulty may have led to transitions between phases being less 
accurate than desired.

2.3. Labelling strategy

We used Label-studio [29] for labelling the surgeries in a fast and 
easy way based on the methodology described in Ref. [30]. To reduce 
labelling costs, an inter-annotator reliability test was conducted to 
evaluate the concordance between annotators. Both surgeons annotated 
the same 20 videos and a kappa coefficient was calculated with them 
[31]. All calculations were performed by treating the annotation of each 
second of video as an independent observation. After confirming 
annotation similarity, as will be explained in the results section, each 
surgeon annotated a subset of the remaining videos.

2.4. Overall Aproach

Our SPR system began by extracting spatial features from individual 
frames using a ResNet-50. Next, temporal information was extracted by 
applying the SAHC network, where TCNs were used to extract temporal 
features at both the frame level and the segment level, and an attention 
module was employed to establish relationships between frames and 
segments at different temporal scales. This helped to correct mis
classifications caused by ambiguous frames. Finally, temporal filters 
were used to reduce the volatility of predictions, achieving a smoother 
result. The entire workflow is summarized in Fig. 3 and it can process 
182 frames per second. The following sections explain in detail what 
each of these blocks consists of.

To compare the results obtained in PituPhase database with SAHC, 
we also trained a LSTM as a temporal feature extractor. Although this 
model is simpler, as mentioned in the introduction, it initially yielded 
good results in SPR for other surgeries, such as cholecystectomy [17], so 
it is a known baseline against which to compare.

2.5. Spatial Feature Extractor

CNNs are neural networks comprising several structured layers that 

identify the most representative visual features in their input. The first 
layers detect the simplest patterns, such as straight lines, curves or 
corners of the image and, as the network deepens, the layers become 
more specialized in recognising more complex patterns [32]. In this 
study, a Residual Network (ResNet) [33] was used to extract spatial 
features from surgical frames, aligning with the consistency observed in 
other state-of-the-art SPR studies that also rely on this network archi
tecture as a feature extractor [23]. Moreover, after conducting several 
experiments, this network yielded the most promising results, therefore 
this choice not only maintains coherence with prevailing methodologies 
in the SPR domain but also reflects our empirical findings regarding its 
efficacy. Different network depths were explored and we finally settled 
on a ResNet-50, as it gave the best results with the lowest possible 
computational cost. Number of classes in the last fully-connected layer 
was reduced to 7. Pre-trained networks were used so that the initiali
sation of the weights was not random but according to the results ob
tained on the ImageNet database.

The frames used to train the networks were extracted by sampling 
the videos at one frame per second with the FFmpeg software [34]. 
However, a clear class imbalance was observed due to the difference in 
the duration of the phases (see Fig. 5). To address this problem, we used 
weighted cross-entropy as the loss function, giving more importance to 
minority classes. For this purpose, the weights for each class were 
calculated as the total number of images divided by the number of im
ages in each class. Despite this, the resection phase had a large majority 
of frames, outnumbering the other classes by more than twice and even 
four times for the shorter phases. In order to balance the number of 
frames with the other classes and to reduce the training time of the 
network, the number of frames in P5 was reduced to a total of 50,000.

To save memory and reduce the number of network parameters the 
frames were pre-processed. A centre crop and a rescaling were applied, 
reducing the initial resolution from 1920 × 1080 to 224 × 224, 
matching the resolution of ImageNet images. Afterwards, the frames 
were normalized by subtracting the mean pixel value in each channel 
across the entire database and dividing by the std.

All the Python code was implemented using the PyTorch library 
[35]. An NVIDIA GeForce RTX 3090 graphic card was used to train the 
networks. We used Adam optimiser with a learning rate of 5e-7, a weight 
decay of 0.01 and a step size of 10, lowering the learning rate by a factor 
of 0.5 every 10 epochs. The batch size was 128, the maximum possible 
with the available computational resources. The training images within 
a batch were shuffled, ensuring the presence of images of all phases in 
each batch. Also, an early stopping criterion was included so the model 
stopped training when there were three consecutive epochs in which 
validation losses increase. The model was trained for 40 epochs, taking 
20 h to train.

2.6. Segment-Attentive Hierarchical Consistency network

An attentional network combined with TCN was used to capture 
temporal information directly from spatial features extracted by a 
backbone CNN. This strategy, presented by Xinpeng Ding in the context 
of Cholec80 [23], arose from the idea that surgical phases should be 
classified taking into account information at high-segment level and not 
at low-frame level. The idea of SAHC was to extract high-level infor
mation through video segments and low-level information through 
frames and use high-level information to refine frame-level classifica
tions solving the ambiguity generated by very similar frames belonging 

Fig. 2. Representative frame of each of the phases. The text in the top left corner of each image specifies its corresponding phase.

Fig. 3. Diagram of the overall approach. First, spatial features are extracted at 
the frame level (Spatial Feature Extractor). Each frame corresponds to a specific 
time point (t0, t1, …, tn). Once the matrix of features is built by stacking the 
vector from each frame, temporal features are extracted (Temporal Feature 
Extractor). Finally, temporal filters are applied to smooth the results. This 
process results in a vector indicating the class to which each frame belongs.
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to two different phases.
The combination of TCNs with attention particularly improves the 

codification of temporal information. TCNs extract temporal features, 
not only at low-level, but also at high-level, with a larger receptive field 
than a LSTM. Attention establishes relationships between frame and 
segment characteristics. Therefore, its combination can correct CNN 
misclassifications caused by ambiguous frames. This architecture has 
never been tried before in neurosurgery.

As shown in Fig. 4, originally SAHC comprised four main parts. First, 
the images were used to train a spatial and temporal feature extractor at 
frame-level. The spatial features were obtained through a ResNet-50 
previously trained in the same way as explained in section 2.5 and 
resulted in a vector of dimensions N x 2048 where N is the number of 
frames for each video. In order to obtain 2048 features per frame, the 
last classification layer in ResNet-50 was removed. These feature vectors 
were then used to extract temporal features through 11 Stacked Residual 
Causal Dilated Temporal Convolution Layers (RCDL). As a result, the 
dimensions of frame-level feature vectors were reduced to N x 64.

Segment-level features were extracted through the Hierarchical 
Segment-level Feature Extractor. First, the segment was created merging 
the features at frame level with a Temporal Fusion Layer (TFL). Then, a 
set of 10 RCDL obtained the temporal characteristics of that segment. 
This same procedure was repeated two more times to obtain three 
different temporal scales. At this point, the Attention module learned the 
relationships between segments and frames in order to refine the con
sistency of the predictions at frame-level with the segment-frame hier
archical consistency loss. All the code was extracted from Ref. [23]. In 
the same way that the spatial encoder, the SAHC network was trained 
using an NVIDIA GeForce RTX 3090 graphic card for 100 epochs over 
40 min.

We made some changes to the proposed SAHC [23] diagram (Fig. 4), 
adapting the network to PituPhase database through a hyperparameter 

selection performing a grid search using a five-fold cross-validation 
dataset. First of all, as mentioned before, in our study existed a signifi
cant disparity in the number of frames per class as we dealt with 
real-world data. To address this issue, we opted for weighted cross en
tropy as the loss function. This choice allowed us to mitigate the 
imbalance effectively. Notably, we conducted our analysis on the entire 
dataset without restricting the number of frames for any phase, other
wise such limitations could potentially distort the temporal statistics of 
the surgical procedure.

Next, we increased the number of RCDL layers in the frame-level 
temporal feature extractor from 11 to 15, which helped the model to 
have a wider field of view in terms of frame-to-frame relationship 

Fig. 4. Segment-Attentive Hierarchical Consistency (SAHC) network implementation. First, spatial features are extracted at the frame level using ResNet-50. Then, 
RCDL are used to extract temporal features at the frame level. The TFL aggregates features from the frames (with a kernel size of 11), yielding temporal features at the 
segment level. This process is repeated three times, generating three different temporal scales. Finally, the attention module establishes relationships between the 
frames (Queries) and the segments (Keys and Values). There is a Trans Layer for each of the different temporal scales. The loss function used for network training 
combines three terms: cross-entropy loss at the frame level, cross-entropy loss at the segment level and a smoothing term based on the mean squared error of 
classification probabilities between adjacent frames. β and λ are hyperparameters that determine the weight of each term in the function.

Fig. 5. Duration of the phases. The orange bar indicates the average duration of 
each phase, which is also specified numerically to the right of each bar. The 
standard deviation is represented by the error bars. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the Web 
version of this article.)
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search. The disparity can be explained by the extended duration of 
PituPhase surgeries compared to the Cholec80 cholecystectomies, which 
typically endured around 30 min, contrasting with PituPhase surgeries 
lasting 82 min. Consequently, in PituPhase database frames with greater 
temporal separation exhibited a heightened correlation, potentially 
holding significance for classification purposes. In addition, the sur
geons’ movements must be very precise and were therefore slower, 
which made them last longer. We decided to set the limit at 15 layers, as 
there comes a point where considering additional seconds no longer 
proves beneficial due to the significant amount of noise generated by 
lens cleaning, blood, and smoke. Including extra frames would inevi
tably introduce such noise, thereby adversely affecting the model’s 
performance.

Furthermore, reducing the number of heads in the attention block by 
half resulted in improved performance of the model. This suggests that 
with 8 heads, there was noise in the data, as having more heads than 
necessary can lead the model to focus on irrelevant details for classifi
cation, which might adversely affect its performance. By reducing the 
number of heads to 4, the model focused its attention on the most 
important features of our data.

Moreover, in the decoding layer of the transformer, the dimension of 
the hidden layer was increased from 512 to 2048, allowing the network 
to have greater representation capacity to capture more complex and 
abstract relationships between frames and segments. This was explained 
by the higher duration of PituPhase surgeries and the increased het
erogeneity of workflow in endoscopic pituitary surgery, especially when 
working with real-world data. Also, this transformer layer transformed 
and combined information from attention and previous network infor
mation. With a larger dimension, there was a richer and more complex 
flow of information in the network, enhancing the model’s learning 
capacity.

Finally, the decoder layers of the transformer were increased to two, 
resulting in enhanced representational capacity and improved ability to 
capture complex patterns in the input data.

2.7. Temporal filters

After obtaining a frame classification based in both spatial and 
temporal features extracted by Neural Networks (NN). We used a 
Temporal Filter (TF) as a modal window with an adaptative length 
extracting the most frequent phase within n images. We decided to 
implement an adaptive mode window due to the significant variation in 
phase durations. If we were to use a general mode window, for instance, 
if the window size is 60 frames, the shorter phases of 60 frames would be 
adversely affected. The first n images in each surgery were unchanged 
from the SAHC prediction. In particular, the temporal filter was applied 
in frames belonging to P1, P2 and P4 using a window of length 31, 96 
and 172 respectively reducing the volatility of the predictions. The 
window utilizes exclusively previous frames to ensure that the system 
can be employed online, thereby enabling its use during the surgery in 
real-time.

2.8. Activation maps

Activation maps are commonly employed in current studies to 
elucidate the decision-making process of CNNs during image classifi
cation. Therefore, in this work we used these maps in order to detect 
which patterns characterise the surgical phases. Grad-CAM, or Gradient- 
weighted Class Activation Mapping [36], represents a technique for 
visualizing class activation maps. In this approach, the final convolu
tional layer of the CNN is examined, together with an analysis of the 
gradient information flowing into this layer. The gradients represent 
how important the activation of a pixel is for a particular class. The 
objective is to identify significant areas crucial for the classification of 
each class. This is achieved by multiplying the gradients with the acti
vations, revealing the important class pixels. Subsequently, a heatmap is 

generated to highlight pixels exhibiting high activation, which is over
laid onto the input image for visualization. This process was applied to a 
randomly selected subset of frames that were accurately classified by the 
CNN.

2.9. Evaluation metrics

Four metrics were employed to assess the performance of the models: 
accuracy, recall, precision, and F1-score. Accuracy denotes the per
centage of correct detections along the entire surgery. Conversely, recall 
and precision were computed separately for each phase and subse
quently macro-averaged. This evaluation criteria was followed due to 
the significant variance in the duration of phases, which can conceal 
misclassifications in shorter phases within accuracy but are exposed by 
precision and recall. These metrics are commonly used in related work 
[11,26,27] so we can make a fair comparison.

Besides this, we present metrics with relaxed boundaries, a meth
odology initially introduced in the m2cai16-workflow challenge and 
implemented in Ref. [23]. The relaxed boundary metric delineates a 10-s 
’relaxed’ interval surrounding each ground truth phase transition. 
Within these intervals, consecutive phases are considered correctly 
classified. For instance, both phase 4 and phase 5 are deemed accurately 
classified during the 10 s preceding and succeeding the transition from 
phase 4 to 5. This approach was deemed pertinent due to its utility in 
mitigating errors stemming from the challenges articulated by surgeons 
in accurately delineating transitions between two phases, as mentioned 
upon in Section 2.2. Consequently, the application of the relaxed 
boundary yields higher scores across evaluated methodologies [37].

3. Results

3.1. Inter-annotator reliability and agreement

According to reference values of Cohen’s kappa published in the 
study [38], there was a near-perfect level of agreement between both 
annotators as the kappa coefficient was 0.83. Therefore, there was suf
ficient reliability to combine their annotations in the same dataset. 
These results confirmed that a third annotator’s opinion was not 
necessary to obtain a reliable labelling.

Furthermore, the difficulties in the annotation of the transitions 
between phases were particularly evident in the ’Outside the body’ and 
’Dural opening’ phases, which coincide with the shortest durations, 
amplifying the effect on the kappa coefficient. This challenge faced by 
annotators is reflected in Table II, where an almost perfect level of 
agreement is observed for all phases, except for the aforementioned.

3.2. PituPhase dataset

The PituPhase dataset is available at https://doi.org/10.219 
50/YDGPZM and is the largest database of endoscopic pituitary sur
gery for SPR published to date. The surgeries were labelled in seven 
different phases, whose durations are shown in Fig. 5.

Endoscopic pituitary surgery is a procedure highly contingent upon 

Table 2 
Inter-annotator agreement, per-phase and overall, across 20 videos assessed 
by Cohen’s kappa.

Phase κ

Outside the body 0.71
Nasoseptal flap preparation 0.82
Ethmoidectomy and sphenoidal sinus opening 0.89
Selar opening 0.85
Dural opening 0.77
Tumour resection 0.88
Dural closure 0.83
Overall 0.83
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the characteristics of the patient’s tumour, leading to notable divergence 
in the sequencing and duration of its phases. For example, the nasoseptal 
flap preparation (P1) exhibits variability, with instances where it is 
omitted entirely or executed either at the outset or the conclusion of the 
surgical process. Moreover, in cases involving notably large tumours 
that have eroded the Sella turcica and invaded the sphenoid sinus, 
resection may precede the opening phase, with extreme scenarios even 
obviating the need for such an opening. As depicted in Fig. 6 and 
Table III, PituPhase showcases a significant number of potential varia
tions in procedural workflows. It is worth noting that only 3 % of the 
surgeries followed a consecutive order of phases and that 84.5 % of 
surgeries were missing some of the phases, either because they were not 
necessary in the procedure or because the video was incomplete.

3.3. Spatial feature exraction

Two approaches were employed to address the data set’s imbalance. 

Initially, we implemented weighted cross-entropy as loss function, 
which enabled enhancement of the model’s performance across the 
underrepresented classes. Notably, the most significant improvement 
was observed in ’Dural opening’, with its recall escalating from 19 % to 
30 % in validation data. Furthermore, the impact of reducing the volume 
of images in the resection phase resulted in enhanced outcomes, thereby 
diminishing the model’s training duration and elevating the recall rates 
for the nasoseptal flap preparation and ethmoidectomy phases by up to 
20 % in validation data. This improvement was achieved while up
holding the performance levels of the remaining phases.

Attempts were made to freeze certain network layers. Nevertheless, 
superior outcomes were attained through the whole network training, 
prompting us to pursue this approach. We attribute this to the sub
stantial disparity between PituPhase and ImageNet, suggesting that the 
specific patterns extracted from ImageNet may not be conducive to 
effective classification in our context.

In summary, ResNet-50 yielded noteworthy results, with an accuracy 
and a recall rate of 52 %, a precision rate of 55 %, and a F1-score of 53 %.

3.4. Activation maps

Fig. 7 reveals the intricate dynamics of our network, showcasing its 
strategic emphasis on specific image regions during frame classification. 
Notably, the classification process predominantly centres around the 
areas housing the surgical tools, just as humans would do, a trend 
particularly pronounced in phases characterized by higher recall. 
Conversely, phases with lower recall, specifically P1, deviate from this 
conventional pattern. For instance, during the selar opening, the motor 
tool appearance assumes paramount significance, whereas in the context 
of nasoseptal flap preparation, the emphasis shifts towards anatomical 
considerations. Comparable findings were replicated in the case of 
cholecystectomy surgeries as reported in Ref. [39]. Furthermore, it is 
noteworthy that the network focused its attention in the spatial posi
tioning of the tool’s tip, a pivotal discriminator crucial for discerning 
among various instruments.

3.5. Temporal semantic extractor

Table IV illustrates that the inclusion of temporal data in the classi
fication resulted in a notable enhancement of performance, with accu
racy raising by 71 %. LSTM metrics are much worse than those obtained 
with SAHC. In addition, through SAHC, all phases were better identified, 
leading to an increase in the individual recall of each phase as well as in 
its average, from 52 % to 66 %. This improvement was particularly 
evident in closure phase, with an increase of 23 % as shown in Fig. 8.

Classification excluding temporal information exhibited substantial 
noise due to their disordered sequence wherein consecutive frames often 
corresponded to different phases, as depicted in Fig. 9. However, given 
that each phase had defined durations, multiple rapid transitions be
tween phases were implausible. Integration of temporal information 
into the classification model yielded significantly smoother outcomes 
with reduced noise, thereby mitigating volatility. These results were in 
line with surgeons’ assertions, who mentioned that it is not possible for 
them to classify individual frames into phases, and they need the 

Fig. 6. Phase variations in PituPhase. Cases indicate the percentage of surgeries 
following that specific workflow.

Table 3 
Phase transitions in PituPhase. The numbers indicate the relative (in percent) 
transitions from one phase (row-axis) to another (column-axis).

Next Phase (%)

Phase P1 P2 P3 P4 P5 P6
P1 – 43.75 0 0 0 56.25
P2 7.14 – 82.14 3.57 3.57 3.57
P3 0 3.08 – 86.15 10.77 0
P4 0 0 5.80 – 92.75 1.45
P5 0 0 4.26 14.89 – 80.85
P6 100 0 0 0 0 –
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temporal contextual information to perform the classification. Model 
outcomes were further refined through the application of the adaptative 
mode window described in the methodology, which enabled the 
correction of subtle network errors, resulting in a 2 % increase in 
accuracy.

Table V showed the relaxed boundary metrics. Both surgeons 
differed in annotations for phase transitions in the same videos, with an 

average discrepancy of ±62 s. For that reason, we proposed the 60 s 
relaxed boundary as the most appropriate metric to measure perfor
mance in our problem dealing with real-world surgeries. Thus, an 81 % 
of accuracy demonstrated the effective performance of the network to 
our specific problem, surpassing the results obtained by other studies in 
endoscopic pituitary surgery.

3.6. SAHC in PitVis challenge dataset

Table VI summarizes the performance of the SAHC method on the 
dataset provided for the PitVis-2023 Challenge. Similar to what we 

Fig. 7. Gradient activation maps os the ResNet-50. Each frame illustrates which pixels are the most importants to predict that surgical phase.

Table 4 
Strict boundary evaluation metrics for comparison of model performance after 
addition of temporal information in PituPhase. CNN refers to the results ob
tained after ResNet-50, TF to the results obtained after passing Temporal Filters 
(adaptative online windows). Each metric is displayed as the mean ± std, be
tween patients for the accuracy and between phases for recall, precision and F1- 
score.

Model Accuracy Recall Precision F1-score

CNN 0.52 ± 0.11 0.52 ± 0.22 0.55 ± 0.16 0.53 ± 0.18
LSTM 0.43 ± 0.16 0.20 ± 0.32 0.63 ± 0.27 0.34 ± 0.29
SAHC 0.71 ± 0.11 0.66 ± 0.27 0.71 ± 0.10 0.68 ± 0.15
SAHC + TF 0.73 ± 0.11 0.66 ± 0.28 0.74 ± 0.15 0.70 ± 0.19

Fig. 8. Normalized confusion matrix for ResNet-50 (left) and SAHC (right) in PituPhase. The X and Y axes represent the predicted labels and ground truth 
respectively. The element (a,b) of the matrix represents the probability of predicting class a when the ground truth is class b. The probabilities on the diagonal 
indicate the recall of each phase.

Fig. 9. Color-coded ribbon of phase recognition results vs. ground truth in one patient of the PituPhase test set. The horizontal axis of the ribbon represents the time 
progression. The top ribbon is the ground truth (GT), the second one corresponds with the CNN results, the third one takes into account the temporal information 
after SAHC network and the bottom ribbon was obtained after the mode window. (For interpretation of the references to colour in this figure legend, the reader is 
referred to the Web version of this article.)

Table 5 
Relaxed boundary evaluation metrics of 10 and 60 s in PituPhase. Each metric is 
displayed as the mean ± std, between patients for the accuracy and between 
phases for recall, precision and F1-score.

Seconds Accuracy Recall Precision F1-score

10 0.75 ± 0.10 0.70 ± 0.24 0.79 ± 0.11 0.75 ± 0.16
60 0.81 ± 0.08 0.81 ± 0.16 0.88 ± 0.08 0.84 ± 0.10
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observed in PituPhase, the incorporation of temporal information proves 
to be crucial for achieving robust results in PitVis. When comparing our 
approach to CITI [25], the top-performing method in the Challenge with 
an F1-score of 61 %, we obtain a comparable performance, highlighting 
the effectiveness of our strategy on PitVis dataset.

4. Discussion

The ability to automatically analyse and identify the phases of sur
gical workflows is key for the development of future smart operating 
rooms. The importance of including spatial and temporal information 
for effective classification is undisputed. However, the techniques used 
for achieving a robust classification are still being explored in current 
research. In this paper we introduce an attentional strategy and show its 
value for workflow modelling in real-world endoscopic pituitary surgery 
with improved performance.

In particular, a database is constructed from videos of endoscopic 
pituitary surgery labelled by two surgeons at the Hospital 12 de Octubre 
standardising the surgery into seven different phases. A near-perfect 
level of agreement between both annotators is achieved. However, in 
those phases where there is a major disagreement between both anno
tators, the model could be less accurate with the predictions. The same 
happens with phase transitions, where sometimes the discrepancy is 
longer than a minute. “Outside the body” phase (P0) has the lower kappa 
coefficient due to it is a short and frequent phase which requires a lot of 
time to be carefully annotated. However, is the easiest to identify by the 
model as its spatial features are very different from the rest (all other 
phases are characterized by red tissue and blood). Consequently, uti
lizing solely the ResNet-50 architecture, the “outside the body” class is 
very well defined, with a recall of 98 %, the highest for all phases. This 
phase exhibits a very variable temporal pattern, as it can appear at many 
different moments during the surgery, so temporal information is not 
expected to improve its classification accuracy. It is worth noting, that 
this high accuracy is preserved when the SAHC attention network is 
incorporated, with an identical recall rate of 98 %.

Regarding the rest of the phases, the classification of individual 
frames is much more difficult because, as illustrated in Fig. 1, there are 
similar frames belonging to different phases, and very different frames 
belonging to the same phase, presenting an important challenge for 
model learning. Furthermore, the fact that some tools, e.g., the hoover or 
the motor, are used in several different phases, and the presence of the 
same artefacts in images of different phases make the recognition task 
more difficult.

The attention maps shown in Fig. 7 help us to understand the 
network behaviour, which relies heavily on tools for the classification of 
individual frames. This can result in reduced network’s efficacy when 
tools from different commercial brands (that look different) are used, 
and can impact outcomes when two instruments are very similar or 
when the same tool is used in different phases.

The introduction of temporal information in the classification is key 
to obtain coherent results. Nevertheless, the metrics shown in Table 4
demonstrate that the decision on the type of network to be used to 
consider such information is extremely important to obtain good results. 
CNNs, by relying solely on visual features extracted from an individual 
frame, result in a very noisy outcome with unrealistic phase sequences 
(see Fig. 9). With LSTM we obtain very poor results because, as previ
ously shown in other studies [7], the field of view of the network is much 

shorter than in the case of a TCN. Therefore, it is not able to correctly 
learn the relationships between phases and the results in PituPhase, a 
highly variable database, are very poor. This demonstrates that we are 
dealing with an extremely difficult database, as is often characteristic of 
real-world data. The inclusion of temporal information with SAHC, 
combining attention with TCNs, increases the CNN model accuracy by 
21 %.

Fig. 8, show that, upon temporal information consideration, each 
class is predominantly confused with its adjacent ones. This observation 
aligns logically with the notion that the model’s primary challenge lies 
in precisely discerning transitions between phases. Such difficulty is 
justified, given that medical professionals themselves often struggle to 
pinpoint these transitions accurately. Discrepancies in annotations made 
by different surgeons persist even over extended durations, illustrating 
the difficulty of the delineation of these boundaries. P6, which has a 23 
% increase in recall when SAHC is applied, is the phase with the greatest 
improvement. This can be attributed to the fact that P6 is characterized 
by highly marked temporal features, as it always occurs at the end of 
surgery after resection and is consistently present, unless the video is 
incomplete and lack that particular segment of the procedure, what 
happens in 11 surgeries of PituPhase. With a more identifiable pattern, 
SAHC is capable of correcting the errors made by ResNet-50 in this phase 
with greater ease. On the other hand, the most challenging phases for the 
model to identify are P1 and P4, which are the shortest phases (see 
Fig. 5) and among those that are also more difficult to identify for the 
surgeons (lower inter-annotator agreement (see Table 2)).

The surgeries included in PituPhase do not always contain a 
recording of the procedure from beginning to end. Furthermore, pitui
tary endoscopic surgery is a procedure highly dependent on the char
acteristics of the patient’s tumour. Thus, there are steps, such as the 
preparation of the nasoseptal flap, which are not always necessary or 
might even be performed at different times during the operation. The 
same applies to openings. It is possible that the patient has a very large 
tumour which has eroded the Sella turcica and invaded the sphenoid 
sinus, so that when opening, the surgeon has to remove part of the 
tumour tissue, which correspond to the resection phase, and then need 
to open again to properly remove the remaining tumour mass. There
fore, there are many variations of the workflow in this surgery and 
modelling this information robustly would require many more time se
ries than the 55 recordings available for training and validation in 
PituPhase. Compared to other real world data state-of-the-art work [27], 
which used more than 300 surgeries to train and validate the network, 
PituPhase is small. Although future work involves increasing the num
ber of recordings available, it is important to understand that data 
scarcity is an inherent feature of research in this field and models that 
can be trained on small datasets are very valuable, for example to use 
them in specific surgeries rarely performed.

Our findings support those previously observed in endoscopic pitu
itary surgical context. However, PituPhase exhibited a significantly 
higher degree of heterogeneity, with only 10 % of the surgeries being 
complete, compared to other studies where at least 50 % of surgeries 
were complete [11,26]. Consequently, we must face real-world database 
challenges, underscoring the robust performance of the SAHC network 
in identifying surgical phases in practical settings. Indeed, we achieve 
same accuracy levels, starting from a ResNet with a 10 % lower accu
racy, further evidencing the SAHC’s effectiveness in capturing temporal 
information.

Results are comparable to those reported in real-world databases for 
laparoscopic cholecystectomy [27]. Our method achieves a precision of 
74 %, whereas a precision of 69 % was reported for cholecystectomy. 
Despite this, the accuracy of our model is 9 % lower. However, this 
disparity must be contextualized within the fact that our study com
prises only 69 surgeries, whereas cholecystectomy dataset includes over 
300 cases. Moreover, pituitary endoscopy typically involves a notably 
longer duration than laparoscopic cholecystectomy. The average length 
of our videos is 82 min, whereas the real-world cholecystectomy 

Table 6 
Evaluation of SAHC on the PitVis dataset (strict boundary metrics).

Model Accuracy Recall Precision F1-score

CNN 0.54 ± 0.10 0.46 ± 0.21 0.42 ± 0.20 0.44 ± 0.20
SAHC 0.66 ± 0.11 0.60 ± 0.20 0.58 ± 0.20 0.59 ± 0.20
SAHC + TF 0.68 ± 0.09 0.64 ± 0.22 0.63 ± 0.16 0.63 ± 0.18
CITI [25] – – – 0.61 ± 0.11
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procedures typically last 54 min [27]. Additionally, laparoscopic cho
lecystectomy tends to follow more linear flow, rendering the modelling 
of such information comparatively easier and necessitating fewer videos 
to yield better results.

Concerning our results on the PitVis dataset with respect to the 
models trained for the challenge, a direct comparison is not feasible as 
the test set is not publicly available. Therefore, we have used the vali
dation set as a proxy for evaluation. The PitVis Challenge evaluates 
performance using both the F1-score and the Edit-score, penalizing noise 
in the temporal sequence but not significant shifts in phase timing. In 
PituPhase, the inclusion of the “outside the body” phase introduces 
inherent noise, and transitions between phases may naturally contain 
fluctuations without disrupting the surgical workflow. Given these 
characteristics, we consider that the Edit-score metrics does not align 
with our objectives sufficiently well. Therefore, the other metrics 
considered in the PitVis Challenge, the F1-score, is used for comparison. 
Our results improve those of the best performing method, highlighting 
the robustness of the SAHC approach.

Comparing the results of the proposed method (SAHC + TF) in both 
the PituPhase dataset and the PitVis dataset, the F1-score is higher in 
PituPhase. This difference can be attributed to the size and character
istics of each dataset. While PitVis consists of 25 surgeries, PituPhase 
includes 69, providing a larger and more diverse set of samples for the 
model to learn from. Additionally, the PitVis dataset has a higher 
annotation granularity, making phase recognition more challenging for 
the model.

The use of the 60 s relaxed boundary metric is very well adapted to 
our objectives, where surgeons differ in their annotations regarding 
transitions between phases by an average time of ±62 s. This metric 
accounts for a more realistic definition of the objectives, as the model 
cannot achieve results that the surgeons themselves are not able to 
produce. Using this metric, the accuracy of the model is 81 % (see 
Table 5). With a relaxed boundary of 10 s before and after each transi
tion, our accuracy is 75 %. Other authors [25] suggest using the 
Edit-score as an evaluation metric. However, we advocate for relaxed 
boundary metrics, as we believe they better reflect real clinical condi
tions. Transitions between surgical phases are inherently uncertain, and 
some degree of variability is expected. The Edit-score excessively pe
nalizes this transition noise, whereas our approach acknowledges it as 
an intrinsic characteristic rather than a flaw. Furthermore, the 
Edit-score would not penalize a situation that has an important impact 
on the use case when a phase transition occurs significantly earlier or 
later than expected. In contrast, our method imposes a time constraint, 
limiting the tolerated uncertainty to 10 s in one case and 60 s in another 
case. This approach was chosen in consensus with surgeons as it pro
vides a more realistic representation of surgical workflow. Therefore, we 
argue that relaxed boundary metrics are better suited for practical 
applications.

This study has a number of limitations. First, the small number of 
surgeries used, not all of which are complete. Thus, we consider that the 
current data is sufficient for modelling spatial features, but limited for 
temporal information. On the other hand, the videos used for training 
have situations (scene blur, …) which may have had a negative impact 
on the results of the model. Future work to try to better detect these 
adverse effects or shorter phases developing an ensemble with special
ized sub-models will help to improve performance. Another limitation to 
mention is that the model can be over-fitted to local surgical technique, 
as both the data and the labels were extracted from the consensus of 
surgeons at the same institution. We are already working in a multi- 
centre analysis and the introduction of prospective data would help to 
improve the generalisability of our model, facilitating its integration 
into the clinical setting.

In summary, this paper presents a surgical phase recognition model 
in endoscopic pituitary surgery that can classify surgical phases with 73 
% accuracy. This result is comparable to other work in less challenging 
surgical phase recognition tasks. Our model uses attention mechanisms 

in combination with TCNs for the first time in this specific surgery. 
Potential applications of the model are plentiful, ranging from auto
matically labelling existing surgical videos for their use in training, to 
structured, objective and personalised assessment of specific compe
tencies of novice surgeons. Also, combining the model with Natural 
Language Processing and generation, surgery reports could be prepared 
automatically, improving current annotations that are often template- 
based, losing 50 % of information [40]. Correlation of intraoperative 
video data with postoperative outcomes could be analysed for compli
cation prediction and early detection of errors or adverse events [41]. 
Ultimately, an automatic indexing of surgeries could be done to build a 
databank for educational purposes. As a consequence, safer, more 
effective and individualised surgery would be achieved, which is why 
these systems are in high demand and are the future of operating rooms 
[16].

Our future efforts will focus on increasing and release the available 
database, as well as testing other possible attention architectures such as 
OperA [24] which also seem promising for endoscopic pituitary surgery. 
Furthermore, we aim to conduct a multi-centre study involving surgeries 
performed at various hospitals, allowing for a more comprehensive 
analysis of the phases involved creating a generalisable and standardised 
workflow for endoscopic pituitary surgery. Given the significant 
disagreement among surgeons in identifying the exact point of transition 
between surgical phases, and the resulting difficulty in defining a 
ground truth, it is worthwhile to research different success metrics for 
both algorithm training and results assessment. This issue is also iden
tified in related work [23]. For the multicentric study we will examine 
the intra-observer agreement among surgeons and between surgeons 
and the current algorithm, and we will collaborate with end users to 
determine the most appropriate definition of ground truth and the best 
quality metric. Likewise, training a network capable of classifying ac
tions would be ideal for enhancing our understanding of these proced
ures and providing more opportunities to detect errors. Lastly, 
integrating multi-label learning into this context holds the potential to 
provide significant assistance in our objectives.

4.1. Conclusion

This research presents a new database of endoscopic pituitary sur
geries for surgical phase recognition and automatic analysis of the sur
gical workflow named PituPhase. For the first time in this surgery, an 
attention model together with TCNs was trained on this dataset 
obtaining a very good performance and facing the real-world data 
challenges with 74 % precision, even if the recording doesn’t include the 
complete surgery. Furthermore, with metrics adapted to the specifica
tions of our problem, an accuracy of 81 % was achieved. As a novelty, 
the model detected when the endoscope was placed outside the body 
with a 98 % recall. Future work involves adding new recordings to 
obtain a more robust classification. This work has a wide range of ap
plications, such as automatically documenting the procedure and 
updating the surgical team in real on the stage of the surgery.
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