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Abstract

Semantic segmentation from RGB cameras is essential to
the perception of autonomous flying vehicles. The stabil-
ity of predictions through the captured videos is paramount
to their reliability and, by extension, to the trustworthi-
ness of the agents. In this paper, we propose a lightweight
video semantic segmentation approach—suited to onboard
real-time inference—achieving high temporal consistency
on aerial data through Semantic Similarity Propagation
across frames. SSP temporally propagates the predictions
of an efficient image segmentation model with global reg-
istration alignment to compensate for camera movements.
It combines the current estimation and the prior predic-
tion with linear interpolation using weights computed from
the features similarities of the two frames. Because data
availability is a challenge in this domain, we propose a
consistency-aware Knowledge Distillation training proce-
dure for sparsely labeled datasets with few annotations.
Using a large image segmentation model as a teacher to
train the efficient SSP, we leverage the strong correla-
tions between labeled and unlabeled frames in the same
training videos to obtain high-quality supervision on all
frames. KD-SSP obtains a significant temporal consis-
tency increase over the base image segmentation model
of 12.5% and 6.7% TC on UAVid and RuralScapes re-
spectively, with higher accuracy and comparable inference
speed. On these aerial datasets, KD-SSP provides a su-
perior segmentation quality and inference speed trade-off
than other video methods proposed for general applications
and shows considerably higher consistency. Project page:
https://github.com/FraunhoferIVI/SSP.

1. Introduction

Autonomous Unmanned Aerial Vehicles (UAVs) rely on en-
vironmental perception for navigation. Semantic segmenta-
tion from RGB cameras serves as a crucial component for
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Figure 1. Overview of Semantic Similarity Propagation (SSP).
On each frame, the estimation of the image segmentation model is
linearly combined with the last prediction based on interpolation
weights computed from the feature similarities. This results in
temporarily consistent robust predictions. The global registration
alignment is omitted here.

interpreting their surroundings, with additional use cases
in emergency landing [16], 3D semantic reconstruction for
scene understanding [49], or power lines detection [14].
It also has applications in other downstream tasks such as
surveillance or photogrammetry [19, 21]. For trustworthy
systems, the predictions must be temporally stable to avoid
contradictory information or inconsistent predictions of cru-
cial objects such as obstacles. While an image model can
accurately process each frame independently, the temporal
consistency of predictions requires a video model leverag-
ing the correlations between consecutive frames.

Aerial footage captured at reasonable altitudes contains
vastly different motion content compared to ground-level
settings. With objects moving in a plane approximately or-



thogonal to the camera axis and at a large distance, most of
the change between consecutive frames is a product of the
camera motion. This results in a highly consistent semantic
content requiring a specific temporal modeling method to be
fully exploited. As an additional challenge, available data in
this domain is scarce, and producing quality annotations of
the complex scenes captured at high altitudes is resource-
intensive. All publicly available datasets are sparsely la-
beled with few annotated frames per video: leveraging un-
labeled frames in a semi-supervised setting is essential for
better generalization.

Autonomous flight requires onboard, real-time process-
ing of the video stream with high accuracy and consis-
tency for reliability. However, most video segmentation
approaches compromise on either inference speed or ac-
curacy. Feature enhancement methods reach state-of-the-
art accuracy through expensive temporal context modeling
not suited to onboard applications [12, 33, 44]. Alterna-
tively, key frame methods increase inference speed by re-
using outputs from a subset of key frames to predict the
intermediary non-key frames with fewer computations but
inevitably less accuracy [41, 52, 55]. Both approaches are
limited in prediction stability, as they do not encourage it in
their training or architecture.

Our work aims to achieve reliable predictions—both
accurate and stable—by leveraging temporal informa-
tion across frames without sacrificing efficiency. For a
lightweight approach suited to onboard applications, we
explicitly propagate predictions to enforce consistency
[26, 35, 36]. We linearly combine the output of an image
segmentation model on the current frame with the previ-
ous frame’s prediction at each time step, using per-pixel
interpolation weights based on semantic similarities be-
tween the frames. Inspired by TFC [26], which uses co-
sine similarity on the feature maps to compute the weights,
we extend their propagation method to entire videos using a
convolutional similarity layer capable of learning the opti-
mal balance between the past and current predictions with-
out supervision from the labels. To further enhance consis-
tency, we align the past prediction to the current frame using
global registration to compensate for camera motion. This
is significantly more efficient than optical flow alignment
[35, 36] as the registration homography can be estimated
from the UAV pose tracked by onboard sensors. While
global registration assumes a planar ground, we show that
our interpolation is robust to imperfect alignments in more
complex real-world scenes. We complement our method
with knowledge distillation for the semi-supervised train-
ing of our efficient model, utilizing a larger teacher model
for supervision on all frames. ETC [28] introduced knowl-
edge distillation for temporal consistency in an efficient im-
age segmentation model, which we adapt to SSP. Instead
of jointly training the teacher and student for consistency,
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we post-process the former’s predictions with optical flow
and restrain the losses to the prediction level because the
teacher model cannot achieve the high consistency of ex-
plicitly propagated predictions.

In summary, we propose a new video semantic segmen-
tation approach suitable for real-time onboard UAV appli-
cations without compromising accuracy, consistency, or ef-
ficiency. Our contributions are as follows:

We predict linear interpolation weights with a convolu-
tional similarity layer for a consistent and accurate prop-
agation of predictions throughout videos, leveraging the
semantic similarities of frames without supervision.

We align previous predictions to the current frame using
a global projective transformation, achieving stable com-
binations in aerial data dominated by camera motion and
avoiding the high computational cost of optical flow.

We train with a consistency-aware knowledge distilla-
tion, using unlabeled frames to prevent overfitting on the
few annotated UAV frames and supervising the temporal
propagation of predictions to enhance segmentation accu-
racy and consistency.

2. Related work

Image semantic segmentation. Since the introduction of
FCN [42], encoder-decoder architectures with pre-trained
backbones have been the standard for semantic segmenta-
tion. CNN models have evolved through larger spatial con-
text modeling [5-7, 54], multi-scale representations [50],
and relational context aggregation based on pixel correla-
tions rather than spatial proximity [53]. Transformers fur-
ther enhance this with self-attention [10, 47], and hierarchi-
cal transformers suited to dense predictions [29, 40, 51] now
define state-of-the-art performance. Using image segmen-
tation models on videos ignores the temporal correlations
between frames, resulting in low consistency across predic-
tions, especially for sparsely labeled datasets as few training
samples lead to overfitting and a lack of regularization.

Video semantic segmentation. Real-time applications
require online inference, which excludes methods leverag-
ing bi-directional temporal interactions [1, 2, 31]. Most
video methods are based on an encoder-decoder image seg-
mentation model, introducing temporal interactions at the
feature or prediction level. The two main approaches are ac-
curate feature enhancement methods and efficient key frame
methods. The former reaches higher accuracy by incorpo-
rating temporal context from adjacent frames into the static
representations of the image encoder: STFCN [11] prop-
agates features with a recurrent module, while NetWarp
[12] uses optical flow and linear interpolation. Since TCB
[33], most methods use attention-based mixing modules
[18, 22,23, 44, 48]. While these methods can scale beyond
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Figure 2. Architecture of SSP, shown during inference over a video. Predictions (as logits) are propagated through the whole video,
with a global projective transformation H alignment to compensate for the camera movements. On each frame, the current estimation of
the image semantic segmentation model is combined with the aligned past prediction by linear interpolation. The interpolation weights are
computed from the extracted feature maps of the two frames by learnable convolutional layers. The first frame of each video is processed
by the image model only. ® represents the homography warping operation.

image models, they do not fit the computational and mem-
ory constraints of real-time on-edge inference. Key frame
methods instead leverage temporal correlations to avoid re-
dundant computations and achieve faster inference [41, 55].
Deep Feature Flow (DFF) [55] re-uses the feature maps of
the last key frame aligned with optical flow. Variants in-
clude adaptive key frame selection [3, 24, 25, 52], methods
for re-introducing non-key frame information [20, 24, 25],
and optical flow alternatives with intrinsic learnable layers
[24, 25]. Because these methods have inconsistent latency
and unreliable non-key frame predictions, we focus on effi-
cient image models and minimize the computational over-
head of the temporal interactions used for consistency gains
without compromising accuracy.

Temporal consistency of predictions. The stability of
predictions can be explicitly enforced by combining the cur-
rent frame’s estimation from the base image segmentation
model with those from previous frames. Miksik et al. [35]
proposes a spatially local combination with the previous
prediction after optical flow alignment. STGRU [36] fur-
ther models consistency across frame sequences by prop-
agating predictions with a gated recurrent unit and optical
flow. However, the consistency gains of these methods are
accompanied by a reduction in efficiency, mainly because
of the slow optical flow computation. TFC [26] improves
stability without compromising efficiency by using a sim-
ple linear interpolation between the current and past pre-
dictions without alignment, weighted by a similarity map
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computed with the cosine similarity of the low-level feature
maps. As TFC is also a key frame method, consistency is
only enforced between key frames, and predictions are not
propagated through entire videos.

Contrastingly, ETC [28] processes each frame indepen-
dently during inference with the image model and intro-
duces temporal consistency during the training only through
multiple consistency losses at both prediction and feature
levels. Knowledge distillation from a teacher model is used
to train efficient compact models. The resulting student
model has improved temporal consistency through the reg-
ularization of representations over similar frames. As we
enforce stability by propagating predictions, we use knowl-
edge distillation to train on unlabeled frames instead.

Semi-supervised video semantic segmentation. Most
video semantic segmentation datasets are sparsely labeled,
as annotating every frame in a video is prohibitively
resource-intensive. This is the case for all UAV datasets,
which are additionally of smaller sizes. Semi-supervised
methods tackle this challenge by leveraging unlabeled
frames during training. Previously seen feature enhance-
ment models train the image encoder on unlabeled adjacent
frames to improve generalization and reduce overfitting on
the few labeled frames [22, 57]. Orthogonally, pseudo-label
methods generate supervision signals on unlabeled frames
either in an offline manner [8, 13, 56] or online through self-
regularization [43, 58] or the joint optimization of a teacher
network with the same architecture [9]. Given that our ef-



ficient model focuses on the trade-off between prediction
quality and inference speed instead of state-of-the-art accu-
racy, we propose a knowledge distillation training relying
on a larger teacher model without any efficiency constraints.
We leverage the temporal correlations between labeled and
unlabeled frames in the training videos to provide high-
quality supervision through inter-video overfitting. Feature
enhancement and pseudo-label methods could then be used
to train the teacher model for higher-quality supervision, al-
though we do not experiment with them in this work.

3. Methodology

The architecture of SSP is illustrated in Fig. 2. We effi-
ciently augment any image semantic segmentation model
for stable inference across complete videos through a
simple propagation of predictions with global registration
alignment. Predictions on each frame are the linear combi-
nation of the image model estimation and the prior knowl-
edge of the past frame’s aligned prediction. The result is a
more robust estimate for the current frame, more consistent
with the past prediction. We propose a temporally consis-
tent knowledge distillation procedure to train this efficient
architecture on sparsely labeled datasets.

3.1. Temporal propagation of predictions

Predictions are propagated as logits. The image model out-
put on the current frame is combined with the last frame
prediction only as it is sufficient to enforce stability. The
combination is a simple linear interpolation with weights
representing the degree of semantic consistency between
the two frames at each pixel’s location.

Semantic similarity-based linear interpolation. With p
the last prediction aligned to the current frame, and g the
current output of the image model, the prediction of SSP is:

Gij = aijpij + (1 — i) (D
where (o j)1<i<H,1<j<w are the weights representing the
semantic consistency on each pixel (¢, 7). These weights
are computed by the similarity layer between the low-level
feature maps of the past and current frame, illustrated in the
right part of Fig. 2. We use convolutional layers on their
concatenation for a local pattern-based detection of simi-
larity between the semantic content of the two frames in-
stead of the per-pixel cosine similarity of TFC [26]. Using
more expressive learnable layers instead of a direct simi-
larity measure facilitates the optimization of the predicted
weights and minimizes the influence on the image encoder,
which can focus on producing features suited to the seg-
mentation task.
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Global registration alignment. For the linear interpola-
tion combination, the past prediction and feature map are
aligned to the current frame with global registration to com-
pensate for the camera movement only. We consider a ho-
mography H representing a projective transformation:

z’ X hiir hi2 hiz x
v | =H |y| = [har hoo hoz| |y (2
1 1 hs1  hsa 1 1

where x and y are the coordinates in the original frame, and
2’ and 3 are the coordinates in the aligned image. This
transformation assumes a planar ground surface, which will
result in alignment errors in more complex scenes. This
does not result in a loss of accuracy as the similarity layer
already expects misaligned pixels due to moving objects.
Aligning the combined frames, even roughly, enables more
pixels to corresponds and leads to higher consistency.

In practice, H is computed from the displacement (rota-
tion and translation) of the UAV between the two frames,
assuming that the ground is a flat plane and that the alti-
tude is known [15, 34]. As this is unavailable in the con-
sidered datasets, we use a feature-based estimator matching
keypoints between the frames [27, 46] for our experiments.
This estimator and the differentiable warping operation are
implemented by the Kornia library [38].

3.2. Video training

We first present a basic training procedure for SSP with-
out knowledge distillation illustrated in Fig. 3, relying only
on labeled samples. Training is done on two consecutive
frames, propagating the prediction of the past frame k — 1
to the current one k on which the combination layers are
trained. Only the current frame is assumed to be labeled,
and the segmentation loss is computed on its prediction. To
train for the temporal consistency of predictions in an un-
supervised manner, as the past frame is not labeled, we use

the same consistency loss as ETC [28]:
1 k—1—k
Lie = gy 20 3)

i,

N 2
yi,5 — 2,515

where y is the current prediction, & the past prediction
warped to the current frame with optical flow, and oF 1=k
an occlusion mask to reduce the influence of flow estimation
errors and handle pixels which cannot be matched by op-
o1 —1 | ) win 1
the past frame warped with optical flow to the current frame
I*.

As the base image model is not frozen, it is trained
on both frames from only the current frame’s label. Sim-
ilarly to ETC [28], this increases regularization through
the consistency loss that ensures similar predictions on

tical flow: = exp(— HIfJ
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Figure 3. SSP training process. SSP is trained on two consecutive frames. The prediction of the past frame is propagated to the current
frame on which the similarity layer is trained. The consistency loss is computed on the two predictions. Only the current frame needs to
be labeled for the base training. With knowledge distillation, we train on all frames and add supervision on the past frame. An optical
flow-based post-processing is used to make the teacher model’s predictions consistent, as is expected of the student model’s.

the two close frames. The total loss is L(P,, Py, A;) =
Lseg(Py, Ag) + ALy (Py, Pp), where P, and P, are the cur-
rent and past predictions respectively, and A, the ground
truth for the current frame. L., is the cross-entropy loss,
and A is the consistency loss weight.

3.3. Temporally consistent knowledge distillation

For semi-supervised training on sparsely labeled datasets,
we propose to train on all frames through the supervision of
a teacher model. This is a larger and more accurate image
model trained on the annotated samples, which has no real-
time inference efficiency constraints. We leverage the high
similarity between frames of the same video to overfit this
larger model to the training videos and produce high-quality
soft annotations on all frames, unlabeled or not.

Our temporally consistent knowledge distillation train-
ing for SSP is illustrated in Fig. 3. We use the densely avail-
able teacher model predictions to supervise both frames
with the distillation loss. However, as we also train for
consistency, these predictions must be post-processed to be
consistent. With T;, and T), the teacher model’s prediction
on the current and past frames respectively, we use the opti-
cal flow between the two frames in both directions to obtain
the consistent predictions used for supervision 7 and T

c __ l + 2 1
T ( ( - MDCC)(Wq »p q))TOCC ( )
TC — (Z + (I - MOCC)(WP rq p))iz_]\%m ( )
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where W,_,,, and W,,_,, are the optical flows between the
frames in each direction, and x* is the optical flow warp-
ing operation. M,.. is a binary occlusion mask com-
puted from a consistency check between the forward and
backward flows [, 39]: Moec Woop + Wp_>q||§ >
0.01([Wosp 5 + [Wposall3) +0.5.

For the segmentation loss, we use the knowledge dis-
tillation approach from [17], applying Kullback-Leibler
divergence with a temperature parameter 7 2. The
true labels are discarded, the teacher model is frozen,
and we only supervise at the logits level: Ly (P,T) =

softmax(7"/7) log (SOftmaX(T/T)) x 72, where P and T are

softmax (P/)
the student and teacher logits, respectively. The distilla-
tion loss cannot be used at the feature level, as the con-
sistency of the teacher model is not guaranteed. The
loss function of the video knowledge distillation train-
ing is L(qupp’TqC7T;):) = Ekl(Pquc) + ‘Ckl(vaT;) +
AiaLlic(Py, Pp).

4. Experiments
4.1. Datasets

We conduct our experiments on two UAV video semantic
segmentation datasets. UAVid [30] is an urban dataset with
27 video sequences of 901 frames, captured at an altitude
of around 50 meters and 20 frames per second (FPS) for
45 seconds each. It contains 270 annotated images, one ev-
ery 100 frames or 5 seconds. Because each labeled sample
requires a past frame to train SSP, we discard the first anno-



FPS UAVid RuralScapes
Method Params | GFLOPs | 106" Orin || mloUt TC1 || mloU+ TC4
Teacher Model 101.01M - - - 81.92  84.09 66.65 89.43
SegFormer - b2 27.36M 204.1 77 - 77.81 83.76 62.75 86.89
Image SegFormer - b3 47.23M 256.7 48 - 78.02 82.59 63.53 86.65
Models ConvNeXt-S + UPerNet 81.77M 922.0 96 - 78.35 83.13 63.29 86.70
Base Image Model 79.23 79.02 63.51 87.34
KD Base Image Model (Ours) SR ALY 108 =l 80.38 87.15 64.46 90.37
DFF [55] 48.43M 137.2 23* - 77.20 83.28 62.66 88.75
NetWarp [12] 48.44M 739.9 15" - 79.31 82.19 63.99 88.48
Video TCBppm [33] 64.56M 1350.3 19 - 79.61 81.35 63.83 87.73
Models TCBoer [33] 63.49M 1379.4 18 - 79.67 82.22 63.56 88.39
SSP (Ours) 7975 9210 || 64.00  94.06
KD-SSP (Ours) 43.38M 3228 & 22 80.63 91.53 64.56  94.00

Table 1. Comparison on the validation sets of aerial datasets UAVid and RuralScapes. Base Image Model is Hiera-S and UPerNet,
Teacher Model is Hiera-B+ and UPerNet. Input resolution is 736 x 1280 except for the teacher model. While the feature enhancement
methods outperform the base image model, SSP has the highest mIoU and TC. KD-SSP has a higher mloU than the base image model
trained with knowledge distillation (KD). Reported metrics on SSP and KD-SSP are the average of 3 runs. * For the optical flow com-
putation in these models, we used the accurate but relatively slow RAFT [45], in the small configuration with 8 iterations. While a faster
model would lead to higher inference speed, especially for DFF, it would result in even lower mloU for DFF and an even more negligible
improvement in mloU and TC over the base image model for NetWarp.

tated frame of all videos and use only 243 annotated images.
This corresponds to 180/63 labeled images and 18000/6300
total frames for training and validation, respectively. We
use the annotations from [4], which include the addition
of “roof” and “water” classes and the merging of “moving
car” and “static car” for 8 semantic classes in total, to make
this dataset more uniform with others for downstream ap-
plications. This re-mapping is only available for training
and validation splits. Background is ignored during train-
ing. The RuralScapes dataset [32] is of comparable size to
UAVid, with a focus on rural scenes. It is more densely an-
notated with one labeled frame per second for 1127 annota-
tions. We sample this dataset at 10 FPS. As previously, we
discard the first annotated frame of each video for training.
This corresponds to 791/297 labeled images and 7139/3000
total frames for training and validation, respectively. Ru-
ralScapes contains 12 semantic classes different than those
of urban scenes.

4.2. Evaluation metrics

Segmentation accuracy is measured with the mean Intersec-
tion over Union (mloU) [42]. For stability, we require an
unsupervised metric for sparsely labeled datasets and use
the Temporal Consistency (TC) [28]. Given a pair of con-
secutive frames at time steps k£ — 1 and £, it is defined as the
mloU between the first prediction P,_; warped by optical
flow Wy_1_1 to the second frame, and the second predic-
tion P: TOk_Lk. = mIOU(Wk_1_>k. * Pp_1, Pk) , where
* is the optical flow warping operation. Then, the TC of
a video is the mean of the TC of all consecutive pairs of
frames. The inference speed is reported in frames per sec-
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ond (FPS) on an A100 (80G) and a Jetson Orin AGX (32G)
GPU over 1000 samples after warmup, and only includes
the forward pass. The global registration estimation is ig-
nored for the speed benchmark of SSP, as it would be de-
rived from the UAV pose in practice. We similarly report
GFLOPs for an estimation of the computational cost.

4.3. Experimental details

Base image model. Any image semantic segmentation
model producing pixel-wise classification logits can be
used. We consider an encoder-decoder with Hiera-S [40]
as the backbone, and UPerNet [50] with 256 channels for
the segmentation head. We use the implementation and pre-
trained weights from the Segment Anything 2 (SAM?2) en-
coder [37]. The results of the base image model serve as a
baseline in our experiments. This model was chosen to ob-
tain high segmentation accuracy efficiently on both datasets
(see the comparison of image models in Tab. 1), allowing us
to evaluate our video method’s benefits on a precise model,
as temporal consistency is intuitively harder to obtain on
detailed predictions.

SSP. SSP is based on the base image model. We use the
trained image models as starting points for our experiments
to ensure easier and faster convergence, but this choice is
challenged in the ablation study. SSP has 43.47M param-
eters, only 0.7% more than the base image model. For the
similarity layer, we use the first extracted feature map of
stride 4. Each convolutional layer divides the number of
channels by 2. We set A = 0.5 for the base training, and
Aka = 135000.



Training parameters and teacher model. Except for the
teacher model, the input resolution is set at 736 x 1280.
The base image model is trained for 120 and 60 epochs on
UAVid and RuralScapes respectively, with a batch size of
4, a learning rate of 2.5 - 1075, an AdamW optimizer with
cosine scheduler and warmup, and 0.05 weight decay. For
data augmentation, we use horizontal flipping, random scale
and rotations, random noise, and random brightness/color
changes. SSP is trained for 200 and 75 epochs on each
dataset respectively, with double the learning rate and ran-
dom square cropping to the shorter side in order to save
memory. Other parameters are the same. For knowledge
distillation, we use the same parameters and train for 20
and 25 epochs on UAVid and RuralScapes respectively.

The teacher model is trained for 200 and 75 epochs re-
spectively, with the same parameters and random square
cropping. For simplicity, we consider the same architecture
in a larger size: Hiera-B+ and UPerNet with 512 channels,
and with a larger input resolution of 1440 x 2560.

4.4. Results

We compare SSP to the base image model serving as a
baseline and other video semantic segmentation methods
[12, 33, 55] all using the same base encoder and decoder
architecture. Results on both datasets are reported in Tab. 1.
SSP with the base training yields 0.5% mloU and 13%
TC increases over the base image model on UAVid. On
RuralScapes, results are similar with +0.5% mloU and
+6.7% TC. With knowledge distillation, KD-SSP obtains
an additional +0.8% and +0.56% mIoU on UAVid and Ru-
ralScapes, respectively, for slightly lower TC than the base
training.

We test the influence of knowledge distillation for semi-
supervised learning by training the base image model with
it. Results are referred to as the KD base image model.
This corresponds to training on all frames from the distil-
lation loss with the teacher model predictions. Temporal
consistency is considerably improved, especially on UAVid
which is more sparsely labeled, as training on a larger num-
ber of frames brings regularization for more uniform pre-
dictions on similar frames. Segmentation accuracy is also
improved but still lower than KD-SSP, which also outper-
forms all other video models in mIoU and shows high tem-
poral consistency due to the propagation of predictions.

SSP only has a marginally lower inference speed than
the image model, resulting in a largely superior met-
rics/inference speed trade-off that is increased further for
KD-SSP. Other video methods with worse metrics on these
aerial datasets have considerably lower inference speeds
due to expensive feature mixing for TCB and slow optical
flow computation for DFF and NetWarp. The latter is be-
cause an accurate method of processing the frames at high
resolution is needed for the small moving objects.
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Model mloU TC
Base image model 79.23  79.02
A=02 79.50  90.72
A=035 | 7998 91.58
SSP A=0.5 79.87  92.01
A=0.65 | 7947 92.18

Table 2. Results with different weights of the consistency loss
for our method. Other experiments use A = 0.5. UAVid dataset,
736 x 1280 resolution.

Model mloU TC
Base image model 79.23  79.02
Base parameters 79.87  92.01
Cos. Sim. Interpolation (TFC) | 79.20 91.67
No registration alignment 79.84  89.65
SSP No interpolation 79.99  88.20
No consistency loss 80.01 86.38
1-step training 79.92 9197

Table 3. Ablation study of SSP. Base parameters corresponds
to the described SSP configuration used for Tab. 1. Results are
obtained without knowledge distillation. UAVid dataset, 736 x
1280 resolution.

4.5. Ablation study

We conduct an ablation study of our method on UAVid with
the same parameters, omitting knowledge distillation to ex-
pedite the experimental process.

Consistency loss weight. The parameter A balances seg-
mentation and consistency losses. Results with different
values of A are in Tab. 2. Values between 0.35 and 0.5 ap-
pear optimal, as lower or higher A result in worse metrics.
This parameter does not control a simple trade-off between
mloU and TC as lower values lead to worse accuracy; how-
ever, it can be tuned to change the balance between the two
as seen with A = 0.35 and A = 0.5.

Similarity layer. Using cosine similarity as TFC [26] in-
stead of our proposed convolutions in the similarity layer,
we obtain considerably inferior results and confirm that
our choice is better suited to ensure long-term consistency
through complete videos without loss of accuracy. Convo-
lutional layers can learn to detect movements and change
through local interactions, while the fixed per-pixel similar-
ity measure is limited by the extracted feature maps.

Global registration alignment. Global registration is
used to compensate for camera movements. Without it,
SSP reaches the same mloU and still significantly outper-
forms other methods in consistency. Less pixels are match-
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Figure 4. Qualitative results. Outputs of SSP compared to the base image model and other video methods [12, 33] on one video of the
UAVid validation set, 736 x 1280 resolution. Frames are selected 5 frames apart. A comparison of results on entire videos showcasing the

consistency gains are included in the supplementary material.

ing between the two frames without alignment, which ex-
plains the loss of TC. This experiment proves that SSP is
robust to errors in the homography estimation as the simi-
larity weights can adapt to misaligned frames and avoid loss
of accuracy. SSP is still relevant when homography estima-
tion from the UAV pose is unavailable and its computation
from the frames is too slow, as it still outperforms all other
methods in TC and mloU.

Accuracy and consistency trade-off. We test the influ-
ence on accuracy of the two parts of our method enforcing
consistency: the linear interpolation for the propagation of
predictions and the consistency loss. Without interpolation,
corresponding to training the base image model on pairs of
frames with consistency loss, our method reaches compa-
rable mloU with an expected drop in TC. This proves that
linear interpolation does not trade-off accuracy for consis-
tency, and that training an image model with the consistency
loss already presents high consistency gains as proposed by
ETC [28]. Removing the consistency loss leads to the same
conclusion, with even lower TC, showing that this loss is
essential to learning temporally consistent predictions.

Base image model training. In all experiments, we used
the trained base image model as the starting point for SSP,
following a 2-step training: first, train the image model,
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then train SSP as proposed. This ensures easier and faster
convergence without any compromise in the case of our ex-
periments. However, in practice, training SSP in one step is
more time-efficient, and we prove that this leads to the same
metrics without additional training epochs.

5. Conclusion

This paper presents SSP, a new method for real-time aerial
video semantic segmentation on-edge with high temporal
consistency without loss of accuracy. SSP is suited to the
motion content of drone-captured videos and to the com-
putational restrictions of autonomous flight. The propaga-
tion of predictions with linear interpolation adds minimal
computations on top of the base image segmentation model,
for considerable gains in segmentation accuracy and espe-
cially temporal consistency. Global registration alignment
is particularly suited to autonomous flight where it can be
estimated from the UAV pose, and where compensating the
camera movements leads to increased stability. If unavail-
able, SSP still outperforms existing image and video meth-
ods in accuracy, consistency, and metrics/inference speed
trade-off. Alongside this model, we propose a temporally
consistent knowledge distillation method for training SSP
in a semi-supervised setting and confirm its relevance for
efficient models by obtaining notable improvements in seg-
mentation accuracy.
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