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Abstract. Fourteen million colonoscopies are performed annually just
in the U.S. However, the videos from these colonoscopies are not saved
due to storage constraints (each video from a high-definition colono-
scope camera can be in tens of gigabytes). Instead, a few relevant in-
dividual frames are saved for documentation/reporting purposes and
these are the frames on which most current colonoscopy AI models
are trained on. While developing new unsupervised domain translation
methods for colonoscopy (e.g. to translate between real optical and vir-
tual/CT colonoscopy), it is thus typical to start with approaches that ini-
tially work for individual frames without temporal consistency. Once an
individual-frame model has been finalized, additional contiguous frames
are added with a modified deep learning architecture to train a new model
from scratch for temporal consistency. This transition to temporally-
consistent deep learning models, however, requires significantly more
computational and memory resources for training. In this paper, we
present a lightweight solution with a tunable temporal parameter, RT-
GAN (Recurrent Temporal GAN), for adding temporal consistency to in-
dividual frame-based approaches that reduces training requirements by a
factor of 5. We demonstrate the effectiveness of our approach on two chal-
lenging use cases in colonoscopy: haustral fold segmentation (indicative
of missed surface) and realistic colonoscopy simulator video generation.
We also release a first-of-its kind temporal dataset for colonoscopy for the
above use cases. The datasets, accompanying code, and pretrained mod-
els will be made available on our Computational Endoscopy Platform
GitHub (https://github.com/nadeemlab/CEP).
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1 Introduction

More than 14 million colonoscopies are performed every year, just in the U.S.
Even though there is a LIVE video feed guiding the navigation of the eno-
doscopist during the 20–40 min minimally-invasive procedure, hardly any of
these videos are stored for later analysis due to storage constraints/costs (each
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high-definition video can be several gigabytes); instead a few relevant frames are
stored for reporting/documentation purposes only. To help assist endoscopists
during procedures for tumor detection or to document the quality of the pro-
cedure for education purposes (e.g. by tracking the colon surface area missed
during procedure via haustral fold occlusion – higher surface area missed equates
to higher possibility of missed cancer), AI models are normally trained on the
few stored frames easily accessible via electronic health records (through Insti-
tutional Review Board approval). Rather than trying to train video models from
scratch with vast amounts of video data (NOT available), can we add lightweight
temporal consistency to our best-performing single-frame models for video anal-
ysis to aid endoscopists? We address this question in this paper.

Recently, unsupervised domain translation methods have shown promising
results across different colonoscopy tasks (e.g. to translate between optical [OC]
and prior-treatment virtual/CT colonoscopy [VC]), but not all have been ex-
tended to video. The domain translation models that have been extended to
video create new models from scratch to accommodate video sequences. Once a
frame-based model has been finalized, one can either try simple post-processing
normalization across frames to get “quasi-consistency” [11] or train a new model
from scratch with full temporal consistency. The first approach is only possible
on very specific tasks, such as depth estimation, where there is one correct result.
Tasks such as realistic image generation cannot be concatenated together with
simple approaches (results will flicker as shown in supplementary video). The
second, more general option however requires significantly more computational
and memory resources for training. Moreover, temporally-consistent unsuper-
vised video-to-video domain translation (RecycleGAN [1] derivatives) typically
requires learning both directions of translation when only a single direction may
be relevant, for example, colonoscopy to depth, colonoscopy to fold segmentation,
synthetic to real colonoscopy simulation, etc. This forward and backward learn-
ing with temporal components increases the number of learnable parameters by
several orders of magnitude. Even still, the general approaches like RecycleGAN
may not utilize domain specific knowledge that can vastly improve results. In-
corporating domain specific contributions from frame based models can be quite
involved and time consuming.

In this work, we present Recurrent Temporal Generative-Adversarial Net-
work (RT-GAN) for adding lightweight temporal-consistency to unsupervised
image-to-image domain translation models (that reduces training requirements
by a factor of 5). RT-GAN allows traversal between temporal consistency and
fidelity to the frame-based models using a single tunable weight parameter while
focusing on a single translation direction. Specifically, RT-GAN uses recurrent
information by referencing the previous frame and its result as seen in Fig-
ure 1c. A temporal discriminator takes the generator’s results for 3 consecutive
frames to build temporal consistency; using only 3 sequential frames for tem-
poral learning was a design choice to minimize resource utilization. In essense,
RT-GAN builds on the representations learned by any unsupervised image-to-
image domain translation model and adds temporal consistency to these with-
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(a) Frame model (b) Temporal model (c) RT-GAN

Fig. 1. Depicting how temporal consistency can be added. X is the input video and
Y is the resulting video output. (a) Frame-based model, (b) Temporal consistency is
added in RecycleGAN [1] and OfGAN[17] using optical flow or future frame prediction.
(c) RT-GAN uses three consecutive output frames from generators are passed into a
discriminator to provide temporal consistency. The first frame, Y ′

t−1 is generated from
a fully trained frame-based model. The other two frames are created by RT-GAN to
be temporally consistent with Y ′

t−1.

out needing to redesign task-specific components. We demonstrate the effective-
ness of RT-GAN in adding lightweight temporal consistency to two frame-based
models, FoldIt [9] haustral fold segmentation model with some inherent “quasi-
consistency” across frames and CLTS-GAN [10] color-lighting-texture-specular
reflection augmentation model with no consistency at all across frames.

Related Work Bashkirova et al. performed a number of experiments using a
CycleGAN model that uses 3D convolutions with varying input types such as
randomly sorted frames, ordered frames, and frames stacked as a 3D tensor. They
found that using the stacking frames into 3D tensors provided the best results at
the cost of extra training requirements [2]. Bansal et al. proposed RecycleGAN
[1], a network for unsupervised video retargeting, that does not require any task-
specific modules and adds temporal consistency components (such as optical
flow) on CycleGAN to extend it to videos (Figure 1b). Specifically, an additional
future frame prediction network is added for temporal consistency. This increases
memory requirements especially since two predictor networks are needed, one for
each domain. OfGAN [17] predicts optical flow using an architecture similar to
the one shown in Figure 1b to translate synthetic colonoscopy sequences to real
colonoscopy video sequences; OfGAN relies on texture, lighting, and specular
reflection information to be embedded in the input videos to generate realistic
colored output sequences. CycleSTTN [3] is another recent work that learns a
video domain translation task for specular augmentation, however, it requires
paired data generation which may not be feasible for all tasks.
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Fig. 2. Comparisons of the results for RT-GAN (Ours) with stitched images from
FoldIt, TempCycleGAN, and RecycleGAN on optical colonoscopy video dataset from
[7]. Full results are found in the supplementary video.

2 RT-GAN: Recurrent Temporal GAN

Dataset: The OC and VC dataset was created from 10 patients at Stony Brook
University Hospital that had VC procedures followed by OC procedures. The
OC videos were cropped to a size of 256x256 to remove borders in the frames
created by the fish-eye lens in the colonoscope. The videos for VC were created
from triangulated meshes of the colon extracted from CT scans as described
by Nadeem et al. [12]. A virtual camera flies through the mesh with random
rotations and lights at both sides of the camera. To better replicate the conditions
of the colonoscopy procedure, the inverse square fall-off property is applied to
the lights [8]. The videos for both the VC and OC datasets were split into 300
sets of 3 sequential frames. In total, training, validation and testing datasets
are composed of 1500, 900 and 600 frame triplets respectively. Haustral fold
segmentation data is generated in a similar manner to Mathew et al. [9]. The
VC 3D meshes will be publicly released as well for video generation via Blender
or VR-CAPS[6].
Methods: Typically for unsupervised domain translation, at least 2 generator
networks are being updated during training time. One generator learns the trans-
lation between the input domain and output domain, while the other learns the
inverse direction. Typically, only one generator is required to provide the domain
translation results for an application. RT-GAN only trains one generator reduc-
ing resources during training (see Table 1). RT-GAN builds off of the results from
a fully trained frame-based model, F . The results of the frame-based model can
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be pre-computed, so it does not affect the required resources for training. Re-
source requirements will be defined by the more resource hungry frame-based
models. The RT-GAN’s generator G, translates from the input domain X to the
output domain Y . G takes 3 images as input to produce the output y′t. The first
input is the frame, xt that is to be translated. The next input is the previous
frame in the input sequence, xt−1, to give the network context and a better
understanding of motion. The last input image for G is y′t−1, the result for xt−1.
y′t−1 gives the generator context on the previous frame with which the output
needs to be temporally consistent with. The input for RT-GAN’s generator can
be seen in Figure 1c.

G is trained using two discriminators, each having its own adversarial loss.
The adversarial/discriminator loss is described below:

Ladv(G,D, y, y′) = log(D(y)) + log(1−D(y′)), (1)

where y′ is from the generator and y is from the training data.
The first discriminator, Dt, learns temporal consistency. Dt compares a 3

frame sequence from the output domain to a 3 frame sequence created from
the generators. The first frame in the triplet is provided by F, while the next 2
temporally consistent frames are provided by G. G aligns its results with F in
order to provide temporal consistency, but F ’s results is indepedent of G. The
temporal adversarial loss is described as,

Lt(G,F,Dt, Y,X) =

Ladv(G,Dt, {yt−1, yt, yt+1}, {F (xt−1), y
′
t, y

′
t+1}),

(2)

where y′t is G(xt−1, xt, F (xt)) and y′t+1 is G(xt, xt+1, y
′
t).

A separate discriminator, Df , ensures that G’s results appear similar to F .
It compares the paired input and output frames for F and G. The adversarial
loss for Df is described as:

Lf (G,F,Df , X) = Ladv(G,Df , {xt, F (xt)}, {xt, y
′
t}) (3)

If the camera and the subject do not move between two frames, the resulting
output of the model should also should not change. A stationary loss Ls is added
for this which also helps enforce the model to use the previous frame’s output
(yt’) rather than just predicting from the current frame. The stationary loss is
defined as:

Ls(G,X) = ∥y′t −G(xt, xt, y
′
t)∥1, (4)

where ∥·∥ represents the ℓ1 norm. Note that the stationary loss differs quite sub-
stantially from a perceptual loss. The stationary loss ensures temporal stability,
while a perceptual loss is meant to improve the quality of the image.

The complete objective function for the network is:

Lobj = λLt(G,F,Dt, Y,X) + Lf (G,F,Df , X) + LS(G,X) (5)
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Fig. 3. Results for varying temporal weights (λ). The first row is the input and the
second row shows λ = 0.2. As λ decreases RT-GAN’s is more faithful to FoldIt. The
next row shows λ = 1 where there is a balance between temporal and the frame losses.
The last row shows λ = 5. Here the annotation shapes tend to remain consistent
between frames. Full videos are found in the supplementary video.

Table 1. Number of learnable parameters (in millions) and training time per epoch
for RecycleGAN [1], TempCycleGAN[4], OfGAN [17], FoldIt [9], CLTS-GAN [10], and
RT-GAN (ours). Models were trained on NVIDIA Quadro RTX 6000 GPU.

Learnable Parameters Training Time
RecycleGAN [1] 137.11 ∼ 742 s

TempCycleGAN [4] 46.65 ∼ 836 s
OfGAN [17] 142.23 ∼ 947 s
FoldIt [9] 82.14 ∼ 700 s

CLTS-GAN [10] 55.15 ∼ 857 s
RT-GAN (Ours) 25.22 ∼ 394 s

where λ is a tunable weight to determine the tradeoff between the temporal
smoothness and fidelity to the frame-based model. Dt is a PatchGAN discrim-
inator with 3D convolutions to help it learn temporal information while Df

is a PatchGAN discriminator with 2D convolutions to learn spatial informa-
tion. G uses a Resnet architecture with 9 blocks. The bottleneck for training
parameters is determined by the frame-based model. Trainable parameters is the
max(frame_model, RT-GAN) and training time is frame_model + RT-GAN.

3 Results and Discussion

The training time and memory usage of RT-GAN is analyzed in Table 1. RT-
GAN reduces the number of learnable parameters by a factor of 5 while decreas-
ing the training time by half when compared with RecycleGAN and OfGAN.
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Table 2. Quantitative results on a synthetic colon dataset [9] with two textures and
ground truth fold annotations. The consistency column indicates the frame-based ge-
ometric consistency of the model despite different textures as described by Mathew et
al.[11]. These sequences are shown in the supplementary video.

Text 1 (IoU/DICE) Text 2 (IoU/DICE) Consistency (IoU/DICE)
RecycleGAN 0.34/0.21 0.33/0.20 0.76/0.63

FoldIt 0.47/0.31 0.50/0.33 0.77/0.64
RT-GAN 0.55/0.39 0.54/0.38 0.81/0.69
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Fig. 4. Results for RT-GAN trained on CLTS-GAN. The top portion shows results
on rendered mesh frames. CLTS-GAN’s results change drastically over time. RT-GAN
builds off CLTS-GAN to provide consistent specular and texture between frames. The
bottom half shows results using OfGAN’s input video, which embeds texture and spec-
ular information. CLTS-GAN adds more intricate specular reflections and textures, and
RT-GAN inherits this property. OfGAN relies on the embedded texture and specular
to produce its output. Full videos are in the supplementary video.

Compared to TempCycleGAN, a video domain translation model with a minimal
amount of image generators, RT-GAN reduces the number of learnable parame-
ters and training time by a factor of 2. FoldIt, a frame-based model for haustral
fold segmentation, uses fewer resources than RecycleGAN as it deals with indi-
vidual frames. RT-GAN still requires lesser resources than FoldIt because it only
learns one direction of translation while FoldIt learns four [9]. CLTS-GAN [10]
only learns two directions of translation, so RT-GAN reduces the learnable pa-
rameters in half. When training RT-GAN, the hardware requirements are capped
by the frame-based model since RT-GAN requires lesser resources.

To test the effectiveness of RT-GAN in fold segmentation context (indicative
of the total missed surface during colonoscopy), we added RT-GAN on top of
FoldIt haustral fold frame-based model [9]. In Figure 2, we compare RT-GAN,
FoldIt, TempCycleGAN, and RecycleGAN results on public video sequences from
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Ma et al. [7]. RecycleGAN has many variants, however sifting through all the
variants and applying task-specific components requires great effort on part of
the end users. We chose RecycleGAN for comparisons since it has all the base
temporal components seen in the more advanced variants and is not task-specific.
As shown in supplementary video, FoldIt and RecycleGAN both had jittery re-
sults and FoldIt occasionally smooths out the deeper parts of the endolumen.
In contrast, RecycleGAN translated these deeper endolumen parts as folds since
it does not contain any task-specific modules or losses. RT-GAN utilizes the
task-specific modules from FoldIt while providing temporal consistency. Temp-
CycleGAN is more consistent, however, similar to RecycleGAN it doesn’t have
the task specific additions and it fails to accommodate the deeper portions of the
endoluminal view. Complete videos sequences are shown in the supplement.

For quantitative analysis, synthetic colon dataset with ground truth annota-
tions was used [9]. Table 2 shows that RT-GAN’s additional temporal consistency
provided improvement on the IoU and DICE scores for both textures. RT-GAN
is also more consistent than the other models despite different textures. Addi-
tionally, the optical flow can be compared in the input sequences and output
sequences as done by Rivoir et al. [14]. The mean difference between the input
optical flow and output optical flow on our textured colons for RecycleGAN,
FoldIt, and RT-GAN are 2.4788, 0.9021, and 0.8479, respectively. This indicates
that RT-GAN can better capture the motion between frames when compared
with other models like RecycleGAN and FoldIt. The synthetic colon results can
be found in the supplementary video. In Figure 3, the λ parameter to control
temporal consistency is shown. When λ is set to a lower value, it tries to be more
faithful to FoldIt. As λ is increased, RT-GAN makes the annotations smoother
so it looks more temporally consistent.

We also evaluated RT-GAN on real colonoscopy video generation/simulation
using the frame-based CLTS-GAN model [10]. CLTS-GAN creates colonoscopy
frames with different colors, lighting, textures, and specular reflections using
noise parameters. For real colonoscopy video generation/simulation, RT-GAN
was trained for 200 epochs on 1800 frame triplets of colonoscopy video and
3D renderings of the colon using virtual colonoscopy from [10]. The results of
real colonoscopy video generation from synthetic sequences are shown in Figure
4. The top half shows video generation from virtual colonoscopy renderings.
CLTS-GAN’s use of noise parameters allows it to generate drastically different
output across frames. RT-GAN is much smoother and the specular reflections
and textures are consistent; in the supplementary video, the overall color and
lighting changes over time since RT-GAN only looks at the previous frame (and
doesn’t have a longer-term memory, an issue we will resolve in the future). The
bottom portion of Figure 4 compares (RT-GAN + CLTS-GAN) with OfGAN
[17]. OfGAN is confined to creating textures and specular reflections that are
embedded in its input video. In contrast, CLTS-GAN adds additional texture
and specular reflections but lacks temporal consistency. RT-GAN uses CLTS-
GAN’s texture and specular information and adds temporal consistency on top
of it. Complete video results are shown in the supplement.
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Limitations. The first is the lack of long term memory since RT-GAN only re-
ceives information from the previous frame. Incorporating transformers or State
Space Models [5, 13, 16, 15] could mitigate this issue. Additionally, RT-GAN can
inherit some of the limitations of its frame based model, e.g. FoldIt cannot handle
frame occlusion and hence both FoldIt and RT-GAN can hallucinate endolumi-
nal view for occluded frames. In the future, we will explore the application of
RT-GAN to other endoscopy procedures, such as cystoscopy, bronchoscopy, and
naseopharyngoscopy.
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