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Abstract

Satellite-based slum segmentation holds significant promise
in generating global estimates of urban poverty. However, the
morphological heterogeneity of informal settlements presents
a major challenge, hindering the ability of models trained
on specific regions to generalize effectively to unseen lo-
cations. To address this, we introduce a large-scale high-
resolution dataset and propose GRAM (Generalized Region-
Aware Mixture-of-Experts), a two-phase test-time adapta-
tion framework that enables robust slum segmentation with-
out requiring labeled data from target regions. We compile a
million-scale satellite imagery dataset from 12 cities across
four continents for source training. Using this dataset, the
model employs a Mixture-of-Experts architecture to capture
region-specific slum characteristics while learning univer-
sal features through a shared backbone. During adaptation,
prediction consistency across experts filters out unreliable
pseudo-labels, allowing the model to generalize effectively to
previously unseen regions. GRAM outperforms state-of-the-
art baselines in low-resource settings such as African cities,
offering a scalable and label-efficient solution for global slum
mapping and data-driven urban planning.

Datasets — https://github.com/DS4H-GIS/GRAM

Introduction
In 2003, UN-Habitat introduced a globally standardized def-
inition to describe deprived urban settlements—commonly
referred to as slums—marking a pivotal shift in how urban
poverty was conceptualized and measured worldwide (UN-
Habitat 2003). This universal framework, formally adopted
by the United Nations, was established to identify and quan-
tify urban deprivation. It defines slums as settlements lack-
ing one or more basic living conditions, such as durable
housing, sufficient living space, access to safe water and san-
itation, and secure tenure. This standardized definition en-
abled the production of comparable global estimates of slum
populations, shaping major policy agendas like the Sus-
tainable Development Goals (SDGs) and supporting cross-
national research efforts (UN-Habitat 2025).
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Figure 1: Our source domain spans 12 cities across four con-
tinents; the target domain covers three African cities. Mor-
phological similarities guide the model to prioritize Cape
Town features for detecting slums in Dar es Salaam and Ma-
puto (red), and Nairobi features for Kampala (blue).

Despite continued efforts, the worsening socioeconomic
conditions in slums continue to present substantial chal-
lenges (Kohli et al. 2012). Measuring these conditions is
complex, as the physical form and living conditions vary
widely—not only across continents but also within individ-
ual countries—reflecting differences in geography, gover-
nance, cultural norms, and historical trajectories of urban-
ization (Taubenböck and Kraff 2014). These localized dif-
ferences make it difficult to apply standardized criteria for
identification and comparison, thereby complicating con-
ventional data collection methods (Yang et al. 2025a). A
key limitation of traditional approaches to identifying slum
settlements—such as surveys, censuses, and field assess-
ments—is their variability in definitions and implementa-
tion. These methods differ across countries in how they
conceptualize “slum,” the spatial scales they employ, and
the degree to which political and institutional factors shape
data collection. They are also resource-intensive to con-
duct. As a result, global estimates remain uneven, and cross-
national comparisons are constrained by divergent defini-
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tions, methodologies, and practices on the ground (Simon
2011).

Recent research has increasingly turned to satellite data
and deep learning to measure urban deprivation (Kuffer,
Pfeffer, and Sliuzas 2016). High-resolution remote sensing
data provide a globally accessible, frequently updated, and
non-intrusive source of information, while convolutional
neural networks and other computer vision techniques have
shown promise in detecting spatial patterns associated with
slum conditions (Kit and Lüdeke 2013; Wurm et al. 2019;
Duque, Patino, and Betancourt 2017). Although promising,
developing a computational approach is non-trivial due to
visual heterogeneity (Verma, Jana, and Ramamritham 2019;
Stark et al. 2020). Models trained on imagery from one
country fail to generalize to other regions, as architectural
styles, building materials, and spatial organization of slums
differ (Figure 1). As a result, cross-country and regional ap-
plications suffer from limited transferability and unreliable
performance (Stark et al. 2024).

To transfer knowledge from labeled source regions to un-
labeled targets, we propose GRAM, a test-time adaptation
(TTA) framework for slum segmentation. Unlike conven-
tional methods that require annotated samples for targets,
GRAM dynamically adapts a model pre-trained on source
domains to the distributional characteristics of the test im-
agery for cross-regional generalization. To implement this
idea, we construct a new slum segmentation dataset from
very-high-resolution (VHR) satellite imagery of 12 cities
in four continents, each representing distinct morphologi-
cal, architectural, and socio-spatial patterns of informal set-
tlements. These cities encompass diverse urban forms and
regional contexts, offering a strong foundation for learn-
ing transferable representations. Using this multi-continent
dataset and adaptation at inference time, we show how
GRAM bridges the gap between universal slum definitions
and region-specific visual characteristics.

The framework comprises two distinct training compo-
nents. The first is the source model training phase, where
Mixture-of-Experts (MoE) layers are integrated into the seg-
mentation backbone. This architecture organizes the model
into expert groups specialized in learning region-specific
slum characteristics, while a shared backbone captures uni-
versal features across all regions. The second component is
the target adaptation phase. For each unlabeled target image,
a classifier identifies the source region with the most similar
visual characteristics. The pseudo-label generated from that
corresponding expert is used as a primary prediction. The
model then assesses the image’s reliability by evaluating the
consistency of this reference against the predictions from all
other experts. Images with the highest cross-expert agree-
ment, measured by a “stability score,” are selected as reli-
able, effectively filtering out noise from uncertain pseudo-
labels before the model is fine-tuned.

We validate GRAM using a diverse benchmark of slum
segmentation tasks in three African cities with distinct urban
morphologies and socio-spatial patterns. Our model consis-
tently outperforms state-of-the-art baselines in low-resource
settings, demonstrating its potential as a scalable and label-
efficient solution for slum monitoring. These findings high-

light the practical value of TTA for enabling more inclusive,
data-driven urban development policies.

Related Work
Satellite Data
Satellite imagery provides a scalable and efficient alterna-
tive to traditional ground-based surveys of slums (Ahn et al.
2023; Han et al. 2020a,b). Early approaches relied on proxy
indicators, such as nighttime light intensity, to infer so-
cioeconomic conditions from medium-resolution data (Jean
et al. 2016; Park et al. 2022). With advances in deep learning
and VHR imagery, subsequent research shifted toward pixel-
level segmentation. For example, convolutional neural net-
works (CNNs) have been adapted for semantic segmentation
of slum areas (Lumban-Gaol, Rizaldy, and Amadi 2023).
Comparative studies have assessed various deep learning
models in capturing the distinctive morphological character-
istics of informal settlements, such as high-density and irreg-
ularly shaped structures (Gadiraju et al. 2018; Leonita et al.
2018). Transfer learning (Verma, Jana, and Ramamritham
2019; Wurm et al. 2019), semi-supervised learning (Rehman
et al. 2022; Lin et al. 2024), and foundation model (Zhang
et al. 2024) have also been applied, enabling models trained
on large-scale datasets to adapt to slum segmentation tasks
with limited labels.

In terms of data quality, both high- and medium-
resolution imagery are being used for slum detection. One
study explored the trade-offs between spatial detail and data
accessibility (Verma, Jana, and Ramamritham 2019). Low-
resolution multispectral data have also helped extend cov-
erage in areas lacking VHR imagery (Gram-Hansen et al.
2019). Additionally, machine learning–based slum mapping
supports urban improvement efforts and enables monitoring
of informal settlement dynamics over time (Leonita et al.
2018; Maiya and Babu 2018; Yang et al. 2025b). Despite
recent advances, segmenting slum settlements remains diffi-
cult due to significant variation in urban morphology across
geographies. The scarcity of large-scale, pixel-level anno-
tated datasets limits the development of fully supervised
models. This constraint continues to drive research into
developing new approaches including TTA that leverages
abundant unlabeled satellite imagery to address data gaps.

Test-Time Adaptation (TTA)
Unsupervised domain adaptation improves model general-
ization by adapting a model trained on labeled data to a dif-
ferent, unlabeled domain with similar structure but differing
data distribution. TTA builds on this idea under the stricter
constraint that the source data is inaccessible during adapta-
tion. Instead, TTA methods adapt a pre-trained source model
during inference using only the test sample data (Ahn et al.
2025; Liang, He, and Tan 2025).

Two widely used strategies include batch normalization
(BN) adaptation and entropy minimization. In BN-based ap-
proaches (Nado et al. 2020), the running statistics of the BN
layers, originally computed during training, are updated us-
ing statistics from the target data, without requiring gradi-
ent computation (Ioffe and Szegedy 2015). This provides
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a lightweight yet effective adaptation mechanism. Entropy-
based methods aim to reduce the task uncertainty by mini-
mizing the entropy of predictions on target samples. A typ-
ical approach is to fine-tune parameters, such as the affine
components of BN layers, through backpropagation at test
time (Wang et al. 2021). While both strategies perform well
on static domains, they face challenges in dynamic environ-
ments where target distributions shift over time or multiple
domains are encountered sequentially. Under such condi-
tions, performance tends to degrade due to accumulated er-
rors and catastrophic forgetting. Recent work has explored
continual adaptation to enhance model robustness across
evolving and diverse target domains (Wang et al. 2022; Lee,
Yoon, and Hwang 2024).

Data
For detecting slums, we construct a diverse labeled dataset
of 12 cities listed below to cover a broad representation of
urban morphologies and socio-economic conditions:
• Africa (4 cities): Cairo in Egypt, Cape Town in South

Africa, Nairobi in Kenya, Ouagadougou in Burkina Faso
• Asia (3 cities): Colombo in Sri Lanka, Karachi in Pak-

istan, and Mumbai in India
• South America (3 cities): Caracas in Venezuela,

Medellı́n in Colombia, and Rio de Janeiro in Brazil
• Central America (2 cities): Port-au-Prince in Haiti, and

Tegucigalpa in Honduras
Satellite imagery of these selected urban centers, sourced
from the ESRI World Imagery Wayback1, is preprocessed
into uniform 256×256-pixel tiles at zoom level 16, corre-
sponding to an approximate spatial resolution of 1.2 meters
per pixel, subject to latitudinal variation.

Ground-truth annotations are from the Atlas of Informal-
ity (Samper 2025), a global mapping initiative that doc-
uments the growth and transformation of informal set-
tlements. We supplemented the labels with city-specific
datasets (University of Edinburgh 2020; Earth Observa-
tion for Sustainable Development 2018; Slum Rehabilita-
tion Authority 2016; Alcaldia de Medellin 2010; Prefeitura
da Cidade do Rio de Janeiro 2021), each of which provides
spatial delineations of informal settlements. Based on this
resource, binary masks are manually generated by geogra-
phy experts, where pixels corresponding to informal hous-
ing areas are assigned a value of 1, and all remaining pix-
els are set to 0. Each annotation is spatially aligned with its
corresponding satellite tile, resulting in a 1×256×256 label
image. An illustrative example is provided in Figure 2.

Using the manually labeled subset, we initially train a
semi-supervised segmentation model based on the ST++
architecture (Yang et al. 2022). The model is trained on
the full dataset comprising 2,714,489 image tiles, of which
86,752 have ground-truth annotations. This approach facil-
itates the integration of both labeled and unlabeled data to
enhance segmentation performance under limited supervi-
sion. Subsequently, we use the model’s predictions to gen-
erate pseudo-labels across the dataset. These pseudo-labels

1https://livingatlas.arcgis.com/wayback/

Figure 2: Example of labeled satellite imagery used for train-
ing. (a) Original satellite image tile. (b) Corresponding bi-
nary mask overlaid in red, indicating slum areas (label=1),
while black regions denote non-slum areas (label=0).

are then used to supervise the training of a fully supervised
baseline model, enabling the use of a broader and more het-
erogeneous image set.

To test generalizability, we hold out a separate set of cities
from the training process and use them exclusively for TTA
and evaluation. This evaluation set comprises Dar es Salaam
(Tanzania), Kampala (Uganda), and Maputo (Mozambique),
totaling 529,633 image tiles, of which 17,536 are manually
annotated using the AoI Database. The dataset details can be
found in the Appendix.

To facilitate further research in slum detection and urban
analysis, we release the dataset utilized in this study pub-
licly available. This release includes both manually anno-
tated segmentation labels and GRAM-derived masks across
our 12 training and 3 testing cities. As of 2025, these 15
cities have an aggregated population of 120,174,837, with
215,148 informal settlement polygons identified by GRAM.
This extensive coverage enables robust, cross-regional anal-
yses of urban informality at scale. Each image tile has a spa-
tial resolution of 10 meters per pixel at 256×256 pixels, with
corresponding geospatial coordinates aligned to the satellite
imagery.

Method
Overview. Let Ds denote the source training dataset and Dt
the target test dataset. Each sample in the source dataset is
a triplet {x, y, d} ∈ Ds, where x ∈ R3×H×W is a satel-
lite image, y ∈ {0, 1}H×W is the corresponding ground
truth slum segmentation mask, and d ∈ {1, . . . , D} is the
region label, with D denoting the total number of source re-
gions. Our goal is to develop a TTA framework that enables
a source-trained model to generalize effectively to unseen
target region images x ∈ Dt.

Slum segmentation poses substantial difficulties due to
the high variability in visual characteristics across geogra-
phies, cultures, and imaging conditions. This heterogeneity
hampers the ability of a single model to generalize across
domains. We propose GRAM, a two-stage training frame-
work leveraging a MoE architecture to enhance adaptability
and robustness in diverse environments, as outlined below:
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Figure 3: Overview of the Mixture-of-Experts (MoE) architecture in GRAM. The diagram illustrates the integration of
lightweight MoE blocks F into the transformer encoder, with region-specific gating networks gd dynamically routing token
features z to a top-k subset of expert adapters {Ee}Ee=1.

• Step 1. Train the segmentation model fθ using modular
expert routing and region-aware learning on the multi-
region slum dataset Ds.

• Step 2. Adapt the model fθ on Dt using pseudo-labels
generated with routing guided by an external classifier
hψ , filtering out unreliable labels via cross-region pre-
diction consistency, and fine-tuning on a high-stability
subset D̄t.

Step 1. Source Training with Mixture-of-Experts
While slums often share common morphological features—
such as dense roof coverage and spatial layout—they also
display region-specific variations in roof materials and con-
struction styles. To disentangle these localized features from
globally shared representations, we integrate lightweight
Mixture-of-Experts (MoE) blocks F into L intermediate
layers of the transformer encoder, followed by a segmen-
tation head hs (i.e., fθ = hs ◦ FL ◦ · · · ◦ F1), as illustrated
in Figure 3. Each MoE block F contains a set of lightweight
MLP expert adapters {Ee}Ee=1, where E is the number of ex-
perts. These experts capture region-specific slum character-
istics, while the shared transformer backbone learns general-
izable representations across diverse geographical contexts.

Adaptive Expert Routing within MoE Blocks To enable
region-specific specialization, we initialize a lightweight
gating network gd for each source region d. Given a to-
ken feature z extracted from an input image x ∈ Ds, each
MoE block dynamically selects a top-k subset of experts for
z using a noisy top-k routing strategy. The gating network
for region d computes logits gd(z) ∈ RE , where each ele-
ment indicates the relevance of an expert for processing z.
To promote diversity and prevent overconfident expert selec-
tion (Chen et al. 2023), we add Gaussian noise to the logits:

g̃d(z) = gd(z) + ϵ, ϵ ∼ N (0, σ2). (1)

After injecting noise, we select the top-k experts with the
highest scores. Then, a softmax is applied over just these
top-k scores to produce a normalized set of weights α, which
determine how much each selected expert contributes:

α = Softmax (g̃d(z)top-k) , (2)

MoE(z) =
∑

e∈top-k(g̃d(z))

αe · Ee(z), (3)

where Ee(z) is the output of expert e-th expert and αe re-
flects how much that expert should contribute for token z.
This routing mechanism allows the model to flexibly adapt
to different region by selectively activating experts that are
most relevant to the token’s region-specific context.

Region-Aware Regularization In a MoE setup, the model
learns to route tokens to different experts. Without proper
regularization, experts may converge to similar behaviors,
undermining specialization. To encourage diversity, we in-
troduce a mutual information (MI)-based regularization
term that promotes distinct expert selections across regions.

During training, we estimate the joint distribution
P l(d, e) for l-th MoE layer, representing the frequency of
expert e being selected for samples from region d in that
layer. The mutual information between domains and experts
for each layer is:

I l(d; e) =
D∑
d=1

E∑
e=1

P l(d, e) log

(
P l(d, e)

P l(d)P l(e)

)
. (4)

By maximizing I l(d; e) for each layer, we encourage a
strong dependence between the region and the selected ex-
perts, ensuring that different regions activate distinct sets of
experts across the MoE blocks. This fosters expert special-
ization and prevents mode collapse, where experts learn re-
dundant representations. To achieve this, we minimize the
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loss LMI = −
∑E
L=1 I

l(d; e), which effectively maximizes
the mutual information across all layers and promotes the
desired domain-expert alignment.

Additionally, to complement the MI regularization and
further promote expert specialization, we incorporate a
lightweight region classifier hd into the training framework.
This classifier operates on intermediate features extracted
from the shared backbone, encouraging the model to learn
domain-discriminative representations that enhance the de-
pendence between cities and expert selections. It is trained
to predict the region label using standard cross-entropy loss
H:

Ldom =
1

|Ds|
∑

(x,d)∈Ds

H(d, hd(x)), (5)

where hd(x) denotes the predicted region probabilities for
the sample x. This auxiliary supervision synergizes with the
MI term by improving the quality of features used in rout-
ing, thereby preventing mode collapse and fostering region-
specific expertise in the MoE layers.

Training Objectives For segmentation supervision, we
apply pixel-wise cross-entropy loss between the predicted
segmentation map fθ(x), and the ground truth y. The seg-
mentation loss over the entire source dataset Ds is

Lseg =
1

|Ds|
∑

(x,y,d)∈Ds

Hp(y, fθ(x, d)), (6)

where the cross entropy loss Hp is averaged over all pixels
and classes. Finally, the overall training objective combines
segmentation accuracy, expert diversity, and domain aware-
ness:

Ltotal = Lseg + λMI · LMI + λdom · Ldom

where λMI and λdom are hyperparameters controlling the in-
fluence of each regularization component.

Step 2. Target Adaptation with Pseudo Label
Given the trained source model fθ, we perform TTA on
the target dataset Dt by generating pseudo-labels for unla-
beled target images. An external region classifier hψ pre-
dicts the source region index most similar to the target re-
gion, which is used to guide the routing in fθ predicts seg-
mentation masks for samples in Dt. The model is refined
using self-training with these pseudo-labeled samples, mini-
mizing a segmentation loss. However, the variability in slum
characteristics introduces significant distribution shifts rel-
ative to the source data, potentially leading to unreliable
pseudo-labels from the source model trained on a different
distribution. To address this, we propose an image-level se-
lection strategy that filters out the unreliable pseudo label
via consistency of predictions across region-routed experts,
followed by self-training to refine the model by minimiz-
ing a segmentation loss on the selected pseudo-labeled sam-
ples (Park et al. 2021; Yang et al. 2022).

Adaptive Self-Training via Cross-Region Prediction
Consistency For a target sample x ∈ Dt, we first infer
the target region index dt using the external classifier hψ .
Using this index dt, we generate a pseudo-labeled dataset
D̄t as follows:

dt = argmax
d

[hψ(x)]d, (7)

D̄t = {(x, ȳdt) | x ∈ Dt, ȳdt = argmax
c

fθ(x, dt)}, (8)

where hψ(x) outputs the predicted probabilities for source
region indices, and where ȳd = argmaxc fθ(x, d) is the
pseudo-mask generated by routing through region index d.

Next, we assess the uncertainty of each image by evalu-
ating the consistency of predictions across different region-
specific routings. The stability score s for an image x is com-
puted as the mean intersection-over-union (mIoU) between
the pseudo-label ȳdt generated with dt and the pseudo-
masks obtained from routing through all other source region
indices d ∈ {1, . . . , D}\{dt}. The stability score is defined
as:

s(x) =
∑
d ̸=dt

mIoU(ȳdt , ȳd). (9)

Finally, we construct the adaptive target dataset D̄t by se-
lecting the most reliable images with the highest stability
scores, constituting a fraction ρs of the target dataset (i.e.,
|D̄t| = ρs · |Dt|). The model is fine-tuned on D̄t using self-
training, minimizing a pixel-wise cross-entropy loss:

Ltarget =
1

|D̄t|
∑

(x,ȳ)∈D̄t

Hp(ȳ, fθ(x, dt)). (10)

Experiment
We evaluate our model in terms of its generalizability
for slum segmentation across domains, focusing on three
African cities as unseen target regions.

Performance Evaluation
Implementation details Adaptation is performed in a
fully unsupervised setting, without access to any ground
truth labels from the target domain. We use the Seg-
Former (Xie et al. 2021) backbone and train all models under
identical settings using SGD with a learning rate of 0.0001
and momentum of 0.99. In our experiments, we set ρs = 0.5,
E = 12, and k = 2. Please refer to the Appendix for ad-
ditional details on training details. We release the code of
our model to facilitate broader adoption and greater impact
within the research community: https://github.com/DS4H-
GIS/GRAM

Result We compare its performance against several state-
of-the-art TTA methods. The compared baselines include:
(1) Vanilla Source: A standard segmentation model with-
out MoE; (2) MoE Source: An MoE-based model without
TTA; (3) SHOT (Liang, Hu, and Feng 2020): Aligns target
features to a frozen source classifier via information max-
imization and self-supervised learning; (4) TENT (Wang
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Method Dar es Salaam (Tanzania) Kampala (Uganda) Maputo (Mozambique)
mIoU F1-score Precision Recall mIoU F1-score Precision Recall mIoU F1-score Precision Recall

Vanilla Source 0.681 0.792 0.746 0.890 0.716 0.814 0.805 0.824 0.800 0.888 0.877 0.902
MoE Source 0.806 0.885 0.895 0.876 0.800 0.881 0.831 0.956 0.900 0.947 0.942 0.953
SHOT 0.712 0.813 0.847 0.786 0.713 0.810 0.846 0.782 0.813 0.895 0.890 0.901
TENT 0.691 0.800 0.755 0.889 0.716 0.814 0.809 0.819 0.802 0.889 0.878 0.903
CoTTA 0.762 0.853 0.857 0.850 0.821 0.900 0.894 0.908 0.821 0.900 0.895 0.905
SAR 0.700 0.807 0.764 0.889 0.748 0.843 0.829 0.859 0.804 0.890 0.881 0.900
BeCoTTA 0.741 0.836 0.900 0.793 0.844 0.911 0.965 0.866 0.904 0.949 0.938 0.965

GRAM 0.859 0.921 0.911 0.931 0.870 0.927 0.932 0.921 0.907 0.951 0.939 0.966

Table 1: Comparison of various metrics (mIoU, F1-score, Precision, Recall) across baseline and proposed methods in three
regions: Dar es Salaam (Tanzania), Kampala (Uganda), and Maputo (Mozambique).

Component mIoU F1-score Precision Recall
w/o Ldom 0.836 0.906 0.876 0.944
w/o LMI 0.734 0.823 0.898 0.786
No Filtering 0.818 0.893 0.910 0.878
Confidence Filtering 0.463 0.501 0.821 0.514
Temporal Consistency 0.837 0.907 0.884 0.933

Full Component 0.859 0.921 0.911 0.931

Table 2: Average performance across slum and non-slum
classes for various ablation settings on Dar es Salaam

et al. 2021): Adapts the model during inference by mini-
mizing the prediction entropy by updating the batch normal-
ization statistics; (5) CoTTA (Wang et al. 2022): A mean-
teacher-based approach that incorporates stochastic weight
restoration to mitigate error accumulation over time; (6)
SAR (Niu et al. 2023): Improves robustness by optimizing
the sharpness of the entropy surface; (7) BeCoTTA (Lee,
Yoon, and Hwang 2024): Extends continual TTA with a
MoE adapter architecture. We modify its target adaptation
mechanism by incorporating our cross-region consistency
sampling, which better leverages region-specific experts and
filters unreliable pseudo-labels during target adaptation.

Table 1 displays the performance with respect to mIoU,
F1-score, precision, and recall. Our model consistently
outperforms all evaluated baselines across multiple cities.
The superior performance of the MoE Source over the
Vanilla Source demonstrates that the MoE architecture en-
hances generalizability during the source training process.
Although BeCoTTA outperforms other baselines, it inade-
quately captures target prediction reliability. These results
highlight our model’s robustness and effectiveness in slum
detection, particularly under severe cross-regional domain
shifts. While conservative approaches (e.g., entropy regu-
larization) suffice for limited shifts, they struggle in slum
segmentation due to significant source-target divergences. In
contrast, our self-training framework utilize pseudo-labels
filtered by cross-expert consistency, enabling aggressive
adaptation, noise robustness, and enhanced generalization in
diverse urban contexts.

Ablation Study To evaluate the contribution of each com-
ponent within our framework, we conduct an ablation study
on the Dar es Salaam region. Table 2 summarizes the av-
erage performance across slum and non-slum classes under
different ablation settings. We evaluate five configurations:
the first two examine modifications to source training, while
the remaining three focus on the target adaptation phase.

Removing either the domain alignment loss Ldom or the
mutual information loss LMI results in a performance de-
cline, confirming the necessity of both components. The
impact is particularly pronounced for LMI, whose removal
leads to a significant drop in mIoU (0.734) and F1-score
(0.823), underscoring its central role in promoting expert
consistency and preserving informative predictions.

We evaluate the impact of pseudo-label selection by com-
paring three strategies: no filtering, confidence-based fil-
tering, and temporal consistency filtering. Omitting filter-
ing results in moderate degradation, indicating that noisy
pseudo-labels impair adaptation. Confidence-based filter-
ing performs the worst (mIoU: 0.463), likely due to over-
confidence under domain shift. Temporal consistency fil-
tering enhances robustness by leveraging temporal agree-
ment across source training checkpoints. (mIoU: 0.837,
F1: 0.907). Our full method achieves the best performance
(mIoU: 0.859, F1: 0.921), validating the effectiveness of
combining mutual information regularization, domain align-
ment, and consistency-aware pseudo-labeling. See the Ap-
pendix for additional baseline comparisons and component
analysis.

Discussion
Region-Aware Routing Mirrors Visual Similarity
Starting from the data complexity of capturing heteroge-
neous geographical patterns of slums, our method leverages
the Mixture-of-Experts architecture for region-specific spe-
cialization in slum segmentation. During target adaptation,
we utilize the output of an external region classifier hψ to
identify the source region most visually similar to the target
region. Target samples are then dynamically routed through
the corresponding expert set to facilitate adaptation.

To validate the effectiveness of this region-aware routing,
we compute the Jaccard similarity between the image sets
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Figure 4: Jaccard similarity between the image sets of the
three test cities (Dar es Salaam, Kampala, and Maputo) and
those in the training set. Higher values indicate greater visual
similarity in slum characteristics across cities. Red boxes de-
note the predictions made by the region classifier.

of source and target regions using visual features extracted
from a pretrained CLIP model (Radford et al. 2021). Specif-
ically, we extract features from all images in the source
and target datasets, apply K-means clustering in the feature
space to assign discrete cluster labels, and calculate the Jac-
card similarity between the label sets for regions A and B.
The results are visualized in Figure 4.

Region pairs predicted by the classifier (highlighted in
red boxes—for example, Dar es Salaam and Cape Town)
consistently exhibit higher similarity scores, indicated by
the darker shades within the boxes. This correlation fur-
ther supports the visual coherence of the classifier’s pre-
dictions. These matched pairs also reflect real-world geo-
graphic and socio-spatial patterns. For instance, Cape Town,
Dar es Salaam, and Maputo are coastal port cities, while
Nairobi and Kampala are neighboring inland cities in East
Africa. We can further associate the specific patterns of in-
formal settlements with the examples shown in Figure 1:
where Cape Town, Dar es Salaam, and Maputo share square-
like and light-gray features, whereas those in Nairobi and
Kampala tend to be more rectangular and rusty brown. Im-
portantly, the classifier is trained without explicit geographic
information, suggesting that these associations are derived
solely from the visual characteristics of slum regions.

Slum Tracking Can Guide Policy
One of the goals of this work was to find a generaliz-
able framework to help compute slum-related statistics for
diverse regions where official data are scarce or unavail-
able. By applying our model to multi-temporal satellite
imagery, stakeholders can now produce quantitative base-
line estimates and monitor the evolution of informal settle-
ments over time. For instance, our analysis revealed diver-
gent trends in the three target cities: In Kampala, slum areas
increased slightly from 8.4% in 2015 to 8.6% in 2023 (Fig-
ure 5); Maputo experienced a sharp increase, from 35.3% in
2016 to 41.2% in 2023; while Dar es Salaam experienced a
gradual decrease from 17.3% in 2015 to 12.6% in 2022.

These divergent outcomes are informative given that all
three countries have experienced a comparable pace of eco-
nomic growth. The ability to computationally track such

Figure 5: Slum segmentation results in Kampala in 2015
(yellow) and 2023 (red). Over the eight-year period, the
slum ratio in the city increased from 8.4% to 8.6%.

nuanced, on-the-ground changes that broad economic in-
dicators often overlook is tremendously valuable for urban
policy making. Moreover, because the framework is label-
efficient and required substantially little human effort com-
pared to previous work, it can be scaled across a broader set
of regions without requiring new, resource-intensive ground-
truth data collection.

This capability is a critical advantage, especially in low-
and middle-income settings, where field surveys can be
costly, politically sensitive, or logistically challenging. The
ability to accurately identify areas of greatest need allows for
a more strategic and targeted allocation of resources, which
is paramount for effective data-driven interventions. Further-
more, by publicly releasing a computation method to assess
the long-term impact of urban policies, the framework ulti-
mately empowers local decision-makers with the actionable
evidence needed to address urban poverty, even in the ab-
sence of traditional census data.

Conclusion

We present GRAM, a TTA framework for slum detection in
unseen regions, designed to tackle domain shifts in cross-
regional settings. By integrating an MoE architecture with
adaptive routing and cross-country prediction consistency,
GRAM captures both shared and region-specific features
while filtering unreliable pseudo-labels during self-training.
Experiments on three African cities show that GRAM out-
performs state-of-the-art baselines, demonstrating its effec-
tiveness as a scalable, label-efficient solution for global slum
monitoring. This approach holds promise in supporting in-
clusive, data-driven urban policy and can be extended to
broader geographic contexts in future work.
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