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Abstract—Semantic segmentation plays a crucial role in
enabling comprehensive scene understanding for robotic sys-
tems. However, generating annotations is challenging, requiring
labels for every pixel in an image. In scenarios like autonomous
driving, there’s a need to progressively incorporate new classes
as the operating environment of the deployed agent becomes
more complex. For enhanced annotation efficiency, ideally,
only pixels belonging to new classes would be annotated.
This approach is known as Continual Semantic Segmentation
(CSS). Besides the common problem of classical catastrophic
forgetting in the continual learning setting, CSS suffers from
the inherent ambiguity of the background, a phenomenon
we refer to as the “background shift”, since pixels labeled
as background could correspond to future classes (forward
background shift) or previous classes (backward background
shift). As a result, continual learning approaches tend to fail.
This paper proposes a Backward Background Shift Detector
(BACS) to detect previously observed classes based on their
distance in the latent space from the foreground centroids of
previous steps. Moreover, we propose a modified version of the
cross-entropy loss function, incorporating the BACS detector
to down-weight background pixels associated with formerly
observed classes. To combat catastrophic forgetting, we employ
masked feature distillation alongside dark experience replay.
Additionally, our approach includes a transformer decoder
capable of adjusting to new classes without necessitating an
additional classification head. We validate BACS’s superior
performance over existing state-of-the-art methods on standard
CSS benchmarks.

Keywords-Continual Learning, Semantic Segmentation,
Catastrophic Forgetting, Background Shift, Incremental Learn-
ing.

I. INTRODUCTION

A typical assumption in training deep neural network
models is the availability of the entire dataset at training
time. However, in many applications, incrementally learn-
ing a new stream of classes without forgetting previously-
learned knowledge is required for achieving human-level
intelligence. When we fine-tune a model on a new set
of classes, it may forget previously acquired knowledge
(catastrophic forgetting) [1]–[3]. In recent years, CNN have
shown tremendous progress on many computer vision tasks,
including semantic segmentation, with all classes learned
jointly in a single shot [4]–[6]. However, during deployment
on a robot, for example, novel classes may emerge which

necessitate updating the model. For that purpose, Continual
Semantic Segmentation (CSS) [7]–[10] learn new classes
incrementally without a need for retraining on data from
previous classes.

Figure 1: Background Aware Continual Semantic Segmenta-
tion (BACS) framework overview. A backward background
detector btω down weights background pixels detected that
have appeared as classes in previous steps to avoid the
collapse of old classes into the background.

One of the main challenges of class-incremental learning
is the catastrophic forgetting of previously observed data
points distributions while learning distributions with data
from new classes. Existing class incremental learning lit-
erature creates a trade-off between learning new knowledge
(plasticity) and keeping previously acquired knowledge (sta-
bility) [11]. CSS poses more challenges exacerbating the
catastrophic forgetting phenomenon. In CSS, annotations are
present only for new classes. By default, everything else is
labeled as background to make it easier and more realistic
during the data collection and annotation. The collapse of
old and future classes into the background label results in
a shift in the background distribution during training which
exacerbate further the forgetting of old classes. We distin-
guish between two types of background shifts, forward and
backward. In the forward background shift, the distribution
of the background class is shifting towards the current step’s
new classes. On the other hand, in the backward background
shift, the distribution of old classes is moving to the current



step’s background class. The collapse of old and future
classes into the background class causes a misalignment
of features collected from previous steps and exacerbates
catastrophic forgetting.

Recent works attempt to address both background shift
and catastrophic forgetting using a custom Knowledge Dis-
tillation (KD) [12] technique used extensively in CSS. CSS
literature [9], [10], [13], [14] focuses on teacher-student KD
in all classes while taking into account the background shift.
However, the more we constrain our student network, the
better the stability at the expense of the network’s plasticity.
Moreover, the network’s performance on new classes will
rely heavily on the order and number of classes used in the
initial step, making it harder to start the learning process
from a few classes. For the background shift problem,
current literature relies on the pseudo-labeling of existing
data to detect previous classes, causing potential overfitting
of errors coming from old classes known as the problem of
confirmation bias in pseudo-labeling [15].

Furthermore, adding new classes in each step, we need
to update our architecture to accommodate new classes.
CSS baselines use a separate classification head where we
initialize a new head per new upcoming set of classes
without knowing the step number during inference (class-
incremental setup). Random initialization of new heads
could provoke a misalignment among background class
features learned by the previous model [9], affecting the sta-
bility of the network if not initialized using the background
class weights.

Our paper first identifies the drawback of using pseudo-
labeling and output KD during the training and its effect on
the plasticity of the network. First, we introduce a backward
background detector, BACS, network connected to our latent
space representation to detect if the pixel is a “true” back-
ground or corresponds to an old class from any previously
observed step, as shown in fig. 1. Next, we incorporate the
output of BACS into our loss function to mitigate the effect
of the background shift. Moreover, we propose a Masked
Knowledge Distillation (MKD) on the penultimate layer’s
features that only focus on background pixels detected as
foreground. Lastly, we use a transformer decoder as the
output classification layer to avoid the initialization trick of
new heads and to make the model use fewer parameters than
the multi-classifier setup.

In summary, our contributions are the following:
• We propose a backward background shift detector

trained to detect the background and foreground of
each step based on the distance from saved foreground
prototypes.

• We introduce a variation of the cross-entropy loss
function that uses the output of BACS during training
to mitigate catastrophic forgetting.

• We propose a feature-based MKD that uses the infor-
mation from the down-weighted background pixels.

• Finally, we suggest using a transformer-like decoder
to avoid both initializing new heads and copying the
weights of the background class [9].

We demonstrate the effectiveness of BACS in addressing
the background shift problem and handling long steps while
improving by a large margin both the plasticity and stability
of the network compared to existing baselines [10], [14],
[16], [17]. Moreover, our method adds new classes by
simply appending a single parameter without perturbing the
background class’s feature space, resulting in better stability.
Finally, we perform a set of ablation studies to show the
effect of each proposed component on our results.

II. RELATED WORK

This section will summarize the most important related
work in semantic segmentation, continual learning, and
continual semantic segmentation CSS.

A. Semantic Segmentation

Early methods [18]–[20] for semantic segmentation relied
on classifying patches of input images, then refining the
predictions based on the context. Later, fully convolutional
networks (FCN) [21], [22] enable the substitution of fully
connected layers with convolutional ones to produce spatial
maps. Compared with traditional methods, the FCN model
improved various semantic segmentation tasks achieving
end-to-end semantic segmentation. The U-Net [23] improved
over the FCN by learning context and spatial informa-
tion using convolutional upsampling. Current methods [21],
[24]–[30] focus on learning multi-scale feature aggregation
from existing pre-trained convolutional networks. Recent
methods [31]–[34] relied on the attention score to learn
the connections between image contexts. Another set of
methods attempted to fuse various receptive fields of view
using atrous convolutions [4], [35] and spatial pyramids with
dilated convolutions [36], [37] in an encoder-decoder setup.
Following the success of transformers in natural language
processing [38], an adapted transformer architecture has
become prevalent for computer vision tasks [39]–[42], show-
ing an improvement over existing architectures. Existing
transformer architectures in semantic segmentation either
focus on multi-scale feature fusion [43]–[46] or contextual
feature aggregation [47], [48]. In our work, we extend
DeepLabV3 [4] to have a dynamically extendable decoder
similar to the decoder of Segformer [45]. Our proposed
decoder enables us to extend our model with novel classes
with low memory and compute requirements.

B. Continual Learning

Continual learning focuses on learning from a sequential
data stream to gradually extend acquired knowledge without
forgetting old knowledge. Data can stem from different do-
mains (covariate shift) or different tasks. In some literature,
continual learning is also called lifelong learning [49]–[52],



sequential learning [53]–[55] or incremental learning [56]–
[59]. The major challenge in continual learning is learn-
ing new tasks without suffering from catastrophic forget-
ting. This problem originates from the plasticity-stability
dilemma [60] in deep learning systems. Plasticity refers
to the ability to integrate new knowledge and stability in
retaining previous knowledge while learning new ones. In
CSS, we focus on the task incremental learning setting
since incremental tasks share the same background class.
In incremental learning, we can distinguish three methods:
replay-based, regularization-based, and Parameter isolation
methods.

Replay methods rely on storing samples from old tasks
or generating pseudo-samples with a generative model, then
replaying them while learning new tasks to avoid forgetting.
The end-to-end incremental learning [61] relies on keeping
a balanced memory of previously seen classes and merges
them with the new task data in an end-to-end learning fash-
ion. Dark Experience Replay (DER) [62] relies on replaying
previous tasks’ data saved along with their logits from
earlier tasks, thus matching the network’s output with its
past through the optimization trajectory. Gradient Episodic
Memory (GEM) [63] uses exemplars to solve a constrained
optimization problem that chooses gradient updates in the
direction of learning new tasks while retaining knowledge of
previously seen classes. We can consider replay data as some
low-resource training with few data points. In our proposed
framework, we mitigate the catastrophic forgetting using
Dark Experience Replay (DER) [62] as it provides a solid
baseline empirically shown to converge to flatter minima
compared to vanilla experience replay.

Regularization-based approaches for continual learning
avoid saving samples from previous tasks, prioritizing pri-
vacy, and reducing the memory used to store previous
samples. Instead, these approaches add a regularization
term to consolidate previous knowledge while learning new
classes. The initial idea was to save the output of an
earlier task model given a new input image to alleviate
catastrophic forgetting [64]. That same approach has been
re-introduced by Learning Without Forgetting (LwF) [65]
using a Knowledge Distillation (KD) loss while training on
new tasks to preserve the decision boundary of the neural
network. However, these methods are vulnerable to domain
shift between tasks [50], as they tend to keep the feature
space near its counterpart trained on the previous task.
For that reason, shallow autoencoders are used to constrain
task features in their corresponding learned low dimensional
space [66], thus reducing the negative effect of domain shift
between tasks.

In our proposed framework, we use a soft teacher-student
knowledge distillation on the penultimate layer that only fo-
cuses on features belonging to old classes without affecting
the plasticity of the network.

C. Continual Semantic Segmentation

In continual semantic segmentation, the background class
might include pixels associated with previously observed
classes from earlier steps, as in fig. 1, exacerbating catas-
trophic forgetting. Most of the existing work [9], [10], [14],
[17], [67]–[69] keeps the old network from the previous step
and uses KD to keep old step information. Using pseudo-
labeling and a teacher-student approach makes starting with
a few classes harder, as the optimization procedure tends to
keep the network close to its weights in the initial step. Pod
distillation loss [14] regularizes the current step’s network
output with the previous one at each output layer and
discards uncertain pseudo-labels. Later Pod distillation was
extended using an object replay buffer to support long se-
quences [13]. Matching class representation prototypes and
repulsing different classes’ representation [17] improved the
representation space and reduced the effect of catastrophic
forgetting compared with the classic knowledge distillation
loss. [70] proposed a custom convolutional layer that fuses
weights from the previous step layer with the current one
to reduce the effect of catastrophic forgetting. Another set
of methods [16], [71], [72] has developed several replay-
based methods for CSS. Finally, a separate feature extractor
is created per step and frozen at the end of the step, thus
reducing the catastrophic forgetting to its minimum while
using binary cross-entropy loss to avoid the background
shift [73].

Our proposed approach keeps a small buffer of examples
and their corresponding logits from previous steps. We use
BACS to differentiate between the background and old
classes instead of pseudo-labeling that would accumulate
errors. In the subsequent section, we explain how we de-
tect and disentangle the background class from previously
observed foreground classes in continual semantic segmen-
tation.

III. PROPOSED METHOD

A. Notation and Problem Setting

In Continual Semantic Segmentation (CSS), we observe a
set of incremental classes t = 1 . . . T , each having a dataset
Dt. In each incremental step t, the model has to learn a set of
classes Ct using dataset Dt consisting of a set of 2D images
xt of size N = H×W and 2D ground truth per pixel labels
yti ∈ Ct ∀i = 1 . . . N . The label space of each step t consists
of new classes Ct and a dummy background class cbg ,
which is associated with every pixel that was not labeled.
We assume there is no intersection between label spaces
C of various steps, resulting in a dummy background class
cbg possibly containing future and old classes. We denote
the collapse of old classes into the background class by
backward background shift and the collapse of new classes
by forward background shift. We follow the same set of
scenarios considered in [9], [14] grouped into three modes



sequential, disjoint, and overlap. The sequential mode keeps
the ground truth of all labels C1:t ≜

⋃t
t′=1 C

t′ observed
so far. On the other hand, the disjoint mode keeps only
the ground truth of the current step Ct while having the
backward background shift. The third and final mode is
overlap that uses all images having at least a class from
Ct with everything else as cbg and thus suffers from both
backward and forward background shift. In our work, we
consider the overlap mode, which is the most realistic and
challenging.

We define our semantic segmentation model f t
θ to be a

mapping from input image xt to per-pixel predictions, as
shown in fig. 2. We denote the free logits before the softmax
layer for input xt by zt ∈ RN×|C1:t| (zt[i, c] denotes the
logit value for pixel i that corresponds to class c), and the
hidden penultimate layer per pixel features for input xt by
jt ∈ RN×|d| where d is the size of the decoder’s hidden
representation. Our model f t

θ consists of a convolutional
feature extractor ht and a decoder gt1. Existing baselines’
architecture uses a decoder gt consisting of another feature
extractor and a separate classifier per step t; thus, we do
not need to know the step id during inference. However,
due to the forward background shift, random initialization
of new classifiers would perturb the feature space from
the background to the new classes. For that reason, recent
methods [9], [13], [14], [16], [17], [73] used unbiased
initialization trick that uses the background class weights
to initialize new heads in a way that incentivize the model
to predict new classes as the background class. Furthermore,
we denote M as the exemplar balanced memory consisting
of a small set of samples from previous steps D1:t−1 along
with their corresponding logits at its step t, and use it as a
replay for the current step.

CSS faces the same inherent challenges of continual
learning; the model forgets old classes while learning new
ones. Without a forward or backward background shift, we
can adapt continual learning methods to achieve acceptable
results in the sequential mode. However, CSS comes with
two additional challenges. The first one is the background
shift which we split into forward and backward for simplic-
ity. The second is the initialization of new heads in a forward
background shift where the network might observe future
classes as a background class. Existing baselines [9], [10],
[14], [17] solves the first challenge by either pseudo-labeling
using the previous step network f t−1

θ to detect backward
background shift or to train separate feature extractors and
classifiers using binary cross-entropy while freezing old
steps’ heads [73]. For the forward background shift, the
parameters of new classifiers are initialized precisely as the
background class to reduce the feature space perturbation,

1Convention f t
θ means model trained at the end of step t. Still, we use

a single network trained at the end of all steps during inference. On the
other hand, output heads are separate per step in the conventional multi-
convolutional setup [10]

thus decreasing its counter-effect on the background class.

B. Backward Background Shift Detector

This section proposes an effective method to tackle back-
ground shift in CSS. First, we introduce our backward
background shift detector bω that follows a Siamese network
architecture [74] comparing input pixel representation with
each foreground representation saved as a running mean
per step t (prototype) P t. The backward background shift
detector maps the encoder’s feature space ht(xt) to multi-
label classification detecting whether a pixel belongs to
the foreground of any of the classes previously observed
using a binary probability Fgt ∈ RN×|t|. The higher the
probability Fgt at step t, the higher the probability of being
a foreground at step t. The proposed backward background
detector bω consists of a convolutional feature projector
K, trained only in the initial step, followed by a set of
1 × 1 convolutional filters ϕt

Φ
2. We maintain prototype

P t as a representative of the foreground classes in step t
by computing a running mean of the projection’s network
output K(ht(xt)) during the training phase.

Following the analysis from [75], deeper layers contribute
the most to forgetting, and thus we need to only train
the projection network K on the first step. For subsequent
steps, we only train step t’s output convolutional filter ϕt

Φ

to disentangle Fgt from anything else since we only have
the ground truth Ct, and everything else is collapsed to
cbg . For previous step heads, we freeze their corresponding
output heads ϕ1:t−1

Φ and rely on the prototypes P t to retain
previous steps’ knowledge in detecting their corresponding
foreground. We use the binary focal loss [76] ℓω

t

bacs(x
t, yt)

to train each detection head with the projection network K
only trained on the first step. Hence, our detector can identify
backward background shift based on the maximum logit
value from each trained head. Next, we introduce our loss
function that uses the backward background shift detector.

C. Backward Background Shift Aware Loss

With the background shift, a conventional cross-entropy
loss would exacerbate catastrophic forgetting as the model
learns to associate old classes with the dummy background.
Hence, we introduce a backward background shift aware
loss function that uses the output of our background detector
heads to guide the training. Our new loss, inspired by the
focal loss function [76], focuses on the actual background
class by using a focal weight based on the maximum
output from our backward background shift detector and
hence ignores the dummy background detected that has high
foreground probability. A focal weight hyper-parameter γ
smoothly adjusts the rate at which we down-weight the
dummy background. Moreover, gradients do not propagate
through the output of the backward background detector

2here ϕt
Φ denotes a separate convolutional filter per each step



Figure 2: Our continual learning framework BACS consists of the backward background detector, shown in blue, and a
transformer decoder. The backward background detector compares the latent space of each pixel with a per-step centroid to
detect the foreground. The maximum output probability of all heads, maxFg1:t−1, is used to reduce the emphasis on pixels
that belong to old classes collapsing to the background class in step t ground truth. Next, the transformer decoder allows
the addition of new classes by initializing new class tokens.

using stop gradients to avoid backpropagating the dummy
background to our projector. Our proposed loss consists of
two parts; the first one learns to distinguish between the ac-
tual background class and the foreground while avoiding the
dummy background class. The second is used to disentangle
new classes from everything else.

ℓθ
t

bg fg(x
t, yt) = − 1

|I|
∑
i∈I

(1− max
t̃∈{1:t−1}

Fgt̃)γ log z̃t[i, yti ]

(1)
where z̃t contains the probability of either being a back-
ground or a foreground

z̃t[i, yti ] =


∑
k∈Ct

zt[i, k] if yti ̸= cbg

zt[i, yti ] if yti = cbg .

(2)

Our intuition from eq. (1) is that the focal loss from our
backward background detector will guide the training to
distinguish between the actual background and everything
else without affecting old classes. Furthermore, to simplify
the learning, we compare it against the probability of being
any of the other classes as shown in eq. (2).

The second part focuses on distinguishing new classes
from everything else. We use the same unbiased cross-
entropy loss [10] to simultaneously compare the new classes’
probabilities to the sum of the probabilities of background
and old classes. Moreover, the first part of the loss learns the
actual background, which avoids the confusion between old
classes and the actual background when we use the unbiased
cross-entropy loss [10] alone.

ℓθ
t

new(x
t, yt) = − 1

|I|
∑
i∈I

log ẑt[i, yti ] , (3)

where ẑt represents the probability of being any of the old
classes or the background {cbg∪C1:t−1} versus new classes.

ẑt[i, yti ] =


∑

k∈C1:t−1

zt[i, k] if yti ∈ {cbg ∪ C1:t−1}

zt[i, yti ] if yti ∈ {Ct} .
(4)

Our loss function in subsequent steps used to learn new
classes without pseudo-labeling becomes:

ℓθ
t

BACS = ℓθ
t

new(x
t, yt) + ℓθ

t

bg fg. (5)

Our intuition is that we can update the model to predict
the new classes and simultaneously manage to distinguish
between dummy backgrounds belonging to different steps
and the actual background. It is worth noting that di-
rect pseudo-labeling underperforms due to the erroneous
high-confidence predictions [15] that will keep propagating
throughout the training affecting the network’s plasticity.
For that reason [14] uses a threshold and an entropy loss
to decide which pseudo-label to keep. On the other hand,
our proposed strategy uses the backward background shift
detector to distinguish foreground and background while
ignoring the dummy background in the loss function.

D. Decoder Multi-Classifier Initialization

We now described how we add new classes to our
decoder without having to initialize new classifiers as back-
ground. Existing CSS methods initialize new classifiers as a



background class incentivizing the network to predict new
classes as background. This initialization trick hinders the
convergence of the network to new classes and stabilizes
the background’s feature space at the expense of new
classes. Furthermore, the multi-classifier setup tends to be
specialized in the last set of classes, creating a bias towards
new classes [77]. To address these two drawbacks of the
initialization trick, we use a transformer decoder inspired
by the Segmenter architecture [48], where a set of tokens
represent our classes. First, we process class tokens, shown
in colour in fig. 2, jointly with patch embeddings, shown
in grey in fig. 2, through a transformer decoder layer. The
output patches are passed through a dot-product operation to
retrieve the final classification output. To add new classes,
we append new class tokens to the input of the transformer
decoder initialized as the average of all previous class
tokens. Using class tokens makes adding new classes easier
and reduces the bias toward new classes. Also, it improves
the plasticity of our model with fewer parameters, as shown
in fig. 2.

E. Catastrophic Forgetting
In addition to the background shift and the initialization

of classifiers, we tackle catastrophic forgetting by using a
masked knowledge distillation and Dark Experience Replay
(DER) [62]. An effective method to tackle catastrophic
forgetting is to set constraints using the previous step’s
model weights f t−1

θ . These constraints enforce f t
θ to produce

similar behavior on previously observed classes. A common
constraint is to add soft knowledge distillation on the output
layer [12], [65]. However, due to the forward background
shift where the teacher f t−1

θ considers new classes as a
background, a representation space drift occurs, affecting the
stability of the network. For that purpose, unbiased knowl-
edge distillation [10] compares the output of the teacher for
the background class with either being a background or a
new class in f t

θ . Moreover, regularizing output-level knowl-
edge distillation would reduce the plasticity of the network
and force it to rely on a large number of initial classes.
We propose a feature-based masked knowledge distillation
to constrain the feature space of old classes without limiting
the plasticity of the network. In that proposed knowledge
distillation, we distill the knowledge of the penultimate
layer jt−1 for only a dummy background selected by our
backward background detector. To summarize, our masked
distillation loss with δ a tuned threshold becomes:

ℓθ
t

kd(x
t, yt) = ( max

t̃∈{1:t−1}
Fgt̃ > δ) · ∥(jt−1)2 − (jt)2∥. (6)

Furthermore, we adapt dark experience replay [62] to mit-
igate catastrophic forgetting while ignoring the background
class as it might contain old or future classes. Following
[78], we use a balanced loss-aware reservoir sampling strat-
egy. In brief, we make room for new examples by discarding

less-critical samples in the buffer. The importance score is
computed based on the number of samples belonging to that
same class in the buffer and the loss value of the trained
network denoting its difficulty.

To summarize, our loss function becomes the sum of
our background aware cross-entropy loss ℓθ

t

BACS , experience
replay ℓθ

t

replay, dark knowledge replay ℓθ
t

der, penultimate
layer knowledge distillation ℓθ

t

kd and backward background
detector training loss function ℓω

t

B .

ℓθ
t

= ℓθ
t

BACS︸ ︷︷ ︸
classification

+αℓθ
t

der + βℓθ
t

der++ + κℓθ
t

kd︸ ︷︷ ︸
forgetting

+ℓω
t

B (7)

In eq. (7), we have a set of hyper-parameters α, β, and κ
tuned to guide the training to determine whether the focus
is on stability or plasticity.

IV. EXPERIMENTS AND RESULTS

A. Setup and Datasets

For a fair comparison, we use the same setup, hyper-
parameters, and datasets as [9]. However, we propose testing
on more challenging setups where we start from a few
classes (e.g., 5, 2).

We evaluate our proposed approach on the most challeng-
ing overlap mode with forward and backward background
shifts. For Pascal-VOC, we evaluate several dataset setups,
e.g., (15 − 1), which means we start our first task with
15 classes, then increment one class (for a total of 6
tasks). Furthermore, we evaluate more challenging setups,
including (10−1), (5−3) and (2−1). Similarly, Cityscapes
(14 − 1) means we start initially with 14 classes followed
by increments of 1.

We evaluate our proposed method on two datasets: Pascal-
VOC [79] and Cityscapes [80]. VOC contains an explicit
background class and 20 classes, 10, 582 training images,
and 1, 449 testing images. Cityscapes contain 19 classes and
a set of unlabelled classes that we consider background taken
from 21 cities. For all datasets, we use random resize, crop
augmentation, and random horizontal flip during training
following [9], [14]. The final image size for Pascal-VOC
and Cityscapes is 512× 512. Hyper-parameters were tuned
on a validation set created as a subset of the training set
made of 20% of the images.

1) Evaluation Metrics: We use the mean Intersection-
Over-Union (mIoU) as our evaluation metric. The IoU is
defined as IoU = true positive

true positive + false negative + false positive , which
quantifies the accuracy of our method. To evaluate our
method’s ability to preserve previously learned information,
we calculate the mIoU for the classes of the initial task.
Additionally, We measure the IoU of newly added classes to
denote the plasticity of the framework following [9] metrics.



Table I: Experimental results on challenging setups of Pascal VOC 2012. BACS outperforms existing baselines with a large
margin on challenging setups where we start with a small number of classes and small increments.

VOC 10-1 (11 tasks) VOC 15-1 (6 tasks) VOC 5-3 (6 tasks) VOC 5-1 (16 tasks) VOC 2-1 (19 tasks)

Method 0-10 11-20 all 0-15 16-20 all 0-5 6-20 all 0-5 6-20 all 0-2 3-20 all

LwF-MC 4.65 5.90 4.95 6.40 8.40 6.90 20.91 36.67 24.66 N/A N/A N/A N/A N/A N/A

ILT 7.15 3.67 5.50 8.75 7.99 8.56 22.51 31.66 29.04 N/A N/A N/A N/A N/A N/A

MiB 12.25 13.09 12.65 34.22 13.50 29.29 52.2 42.1 45.01 11.47 9.45 10.03 21.57 7.93 9.88

PLOP 44.03 15.51 30.45 65.12 21.11 54.64 17.48 19.16 18.68 0.12 9.0 6.46 0.01 5.22 4.47

PLOP + UCD 42.3 28.3 35.3 66.3 21.5 55.1 N/A N/A N/A N/A N/A N/A N/A N/A N/A

PLOPLong 61.06 18.56 40.83 72.06 26.66 61.2 N/A N/A N/A N/A N/A N/A N/A N/A N/A

ReCALL 59.5 46.7 54.8 65.7 47.8 62.7 N/A N/A N/A N/A N/A N/A N/A N/A N/A

RCIL 55.4 15.1 34.3 70.6 23.7 59.4 N/A N/A N/A N/A N/A N/A N/A N/A N/A

BACS 64.1 36.9 51.13 72 44.32 65.4 46.61 44.8 45.3 35.2 30.4 31.8 41.05 29.7 31.35

2) Implementation Details: In order to facilitate replica-
tion of our experimental setup, we have made available our
implementation based on PyTorch Lightning, which can be
accessed via a public GitHub repository3.

Following previous work [9], [14], we use a Resnet-101
backbone [5] pre-trained on ImageNet [81], and instead of
using DeepLab v3 [6] decoding head we use segmenter [48]
decoder with dynamic class tokens. We compared the num-
ber of parameters between our proposed decoder having
55M parameters with DeepLab v3 [6] decoder having 58M
parameters on Pascal VOC 15 − 1 final step showing the
effectiveness of our decoder with fewer parameters.

We optimize the network for all baselines using SGD
with an initial learning rate of 10−2 reduced to 10−3 in
subsequent tasks with momentum 0.9. We use the same
learning rate schedule, data augmentation, and class order
as [9], [14]. For the memory size, we use |M|= 300 for both
VOC and cityscapes. We train the network for 30 epochs
with batch size 24 distributed on two GPUs for each task.

We select EWC [82], LwF-MC [65], and ILT [9] to com-
pare general results on VOC with results exacerbated from
SSUL [73]. We compare specific CSS experiments against
our re-implementation for both MiB [10], PLOP [14], and
joint training as an upper bound.

B. Quantitative and Qualitative Evaluation

1) Pascal VOC 2012: Quantitative results in table I com-
pare our method with existing baselines on different scenar-
ios, including the challenging 5− 3, 10− 1, 15− 1 and the
two tasks scenarios 15− 5, 19− 1 evaluated in the overlap
mode having both backward and forward background shift.
We show that our proposed framework outperforms both
PLOP [14] and MiB [9] in terms of the plasticity on
all tasks while retaining the knowledge acquired on old
classes, especially in tasks starting with a small number

3https://github.com/mostafaelaraby/BACS-Continual-Semantic-Segmentation

of classes. In both PLOP [14] and MiB [9], the pseudo-
labeling and constrained teacher-student strategy limit the
network’s plasticity resulting in degraded performance on
new classes. In BACS, we mitigate this problem by discard-
ing the pseudo-labeling strategy and simply relying on our
backward background detector to solve the background shift
problem.

2) Cityscapes: In table II, we also evaluate our method
with the challenging Cityscapes setup having 19 classes with
the unlabelled classes folded into the background class. We
evaluate our method using a 14 − 1 setup. Here, BACS
performs better than MiB and PLOP, specifically on new
classes.

Table II: Continual Semantic Segmentation results on
Cityscapes 14-1 in Mean IoU (%).

14-1 (6 tasks)
Method 1-14 15-19 all

MiB 56 15.7 46.5
PLOP 55.6 10 44.3
BACS 55.7 19.47 46.6

C. Impact of Class Ordering

Figure 3: mIoU Evaluation of 10 different class orderings
between BACS, MiB, and PLOP.



Here, we analyze the effect of class ordering on the perfor-
mance of various CSS frameworks. We perform experiments
on ten different class orders on the challenging VOC 15−1
setup to analyze our robustness to the class order. In fig. 3,
we display the mean and standard deviation of different class
orders for various methods [10], [14]. Experimental results
show the robustness of our method to class order in the
challenging overlap mode.

Figure 4: Qualitative comparison between BACS, MiB and
PLOP on 15 − 1 VOC setup. Left column: Predictions
after learning two tasks, not including the upcoming sofa
class. Middle column: Predictions after incrementing the
sofa class. Right column: Predictions at the end of the
training.

D. Ablations

Table III: Ablation study for BACS on VOC 15-1.

Configurations 15-1 (6 tasks)
BACS DER MKD Dec 0-15 16-20 all

✓ ✓ ✓ ✓ 72 44.3 65.4
✓ ✓ ✗ ✓ 68.8 29.7 59.5
✓ ✓ ✗ ✗ 58.82 40.82 54.54
✓ ✗ ✓ ✓ 55 7 43.8

Here, we analyze the effect of each proposed component
of BACS on VOC 15 − 1 in the overlap mode. table III
compares the results of each ablation case where we disable
one or two of the components. The first row shows the result
of BACS with all the components, including dark experi-
ence replay (DER), masked knowledge distillation(MKD),
and our transformer decoder (Transformer Decoder (Dec)).
When we disable MKD in the second row, the performance
on both old and new classes deteriorates, showing the
benefits of soft knowledge distillation for both plasticity
and stability. On the other hand, using the multi-classifier
setup instead of Dec improves the plasticity due to the

increased number of parameters and fails to reduce the effect
of the forward background shift due to the initialization trick
used. In Dec, we add a single parameter per new class,
whereas the multi-classifier setup initializes a new 1 × 1
convolutional head. Finally, in the last row, we show the
effect of using DER on stabilizing the training regarding
stability and plasticity.

E. Initialization of New Tokens

Table IV: Initialization of new tokens corresponding to
newly added classes. Random where we randomly initialize
a new token per class, background means initializing new
tokens as the background class and Mean, which averages
all the old tokens to generate new ones.

VOC 15-1 (6 tasks)
Token Initialization 0-15 16-20 all

Random 67.1 30 58.51
Background 68.3 33.83 60
Mean 72 44.3 65.4

In table IV, we show that Transformer Decoder (Dec) is
less sensitive to the way we initialize our tokens compared
to the multi-classifier setup sensitivity discussed in [10]. In
the first row, we show the effect of random initialization
of new tokens, which slightly perturb the feature space due
to the forward background shift. Next, we show the effect
of initializing as a background similar to the initialization
trick [10] but this time applied on a single parameter token.
Finally, we compare our proposed initialization of tokens
that reduces the feature space perturbation by simply taking
the mean of all previous class tokens. We empirically show
the effect of different token initialization on the stability of
the network throughout the training.

V. CONCLUSION

In this work, We proposed a new framework Background
Aware Continual Semantic Segmentation (BACS) to address
three principal challenges in Continual Semantic Segmenta-
tion (CSS): catastrophic forgetting, background shift, and
the initialization of new class heads. We proposed four
main contributions, including a backward background shift
detector, a variation of cross-entropy loss, a masked feature-
based Masked Knowledge Distillation (MKD) and finally, a
transformer decoder. These main contributions demonstrate
significant improvements in handling a large number of
tasks, particularly when starting from a small set of classes.
Our experiments confirm that each component contributes
substantially to the overall effectiveness of the model, out-
performing existing methods across standard benchmarks.
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