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Abstract

Many real-world applications in digital forensics, urban

monitoring, and environmental analysis require jointly rea-

soning about visual appearance, location, and time. Be-

yond standard geo-localization and time-of-capture predic-

tion, these applications increasingly demand more com-

plex capabilities, such as retrieving an image captured at

the same location as a query image but at a specified tar-

get time. We formalize this problem as Geo-Time Aware
Image Retrieval and propose TIGeR, a unified framework

for Time, Images and Geo-location Retrieval. TIGeR
supports flexible input configurations (single-modality and

multi-modality queries) and uses the same representation

to perform (i) geo-localization, (ii) time-of-capture pre-

diction, and (iii) geo-time–aware retrieval. By preserv-

ing the underlying location identity despite large appear-

ance changes, TIGeR enables retrieval based on where

and when a scene was captured, rather than purely on vi-

sual similarity. To support this task, we design a multistage

data curation pipeline and propose a new diverse dataset of

4.5M paired image–location–time triplets for training and

86k high-quality triplets for evaluation. Extensive exper-

iments show that TIGeR consistently outperforms strong

baselines and state-of-the-art methods by up to 16% on

time-of-year, 8% time-of-day prediction, and 14% in geo-

time aware retrieval recall, highlighting the benefits of uni-

fied geo-temporal modeling.

1. Introduction
Understanding how a location visually appears across dif-
ferent points in time is essential for many real-world ap-
plications, including digital forensics, environmental and
climate change analysis, cultural heritage preservation, and
augmented reality. In these settings, the goal is not sim-
ply to retrieve images that look similar to a query, but to
retrieve images that correspond to the same physical loca-

tion at a specified target time. For example, a query image
of a city square in winter should retrieve an image of the
same square in summer, despite large differences in foliage,
lighting, pedestrian patterns, or ongoing construction. This
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Figure 1. TIGeR unifies time, image, and location understanding,
enabling geo-localization, time prediction, and geo-time aware im-
age retrieval: given a query image and a target time, it retrieves an
image captured at the same location at the specified time.

capability requires models that represent location identity
robustly while explicitly accounting for temporal variation
in how that location appears.

We formalize this setting as Geo-Time Aware Image Re-

trieval. Given a query image and a target time, the task
is to retrieve an image captured at the same location at the
specified time, rather than one chosen only based on visual
similarity (Figure 1). The central challenge is to learn repre-
sentations that factor out appearance changes driven by time
while preserving the underlying geo-location semantics of
a place. However, existing approaches do not address this
challenge. Standard image retrieval methods primarily rank
images based on appearance similarity [3, 10, 45], but are
trained to be invariant to the time-of-capture. Composed
retrieval methods can modify visual attributes (e.g., “with
snow,” “at night”) [2, 26], but these transformations oper-
ate purely in the image domain and do not guarantee that
the retrieved image comes from the same geographic loca-
tion. Geo-localization models, on the other hand, aim to
estimate where an image was taken, and prior work [29, 41]
extends this to jointly infer where and when an image was
captured. Yet these models typically encode each modal-
ity (image, location, time) independently and align only
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the final embeddings through contrastive learning. Without
an explicit cross-modal fusion mechanism, they struggle to
capture rich geo-temporal relationships and to model how
visual appearance at a fixed location evolves over time.

To address this challenge, we propose a novel ap-
proach using a multi-modal transformer that leverages self-
attention to jointly process visual, geo-location, and tem-
poral information. One or more modality-specific embed-
dings are passed through the multi-modal transformer, ag-
gregating information across modalities and producing a
unified representation that is then projected into a joint geo-
temporal embedding space. By allowing modalities to at-
tend to each other, the model learns geo-temporal correla-
tions directly, rather than aligning separately learned em-
beddings post hoc, thereby enabling robust retrieval even
when metadata is incomplete or noisy.

The learned representation serves as a unified geo-
temporal embedding that supports: (i) geo-localization, (ii)
time-of-capture prediction, and (iii) geo-time aware image
retrieval. Given an image and a target time, TIGeR per-
forms retrieval based on where and when the scene is, rather
than purely on how it looks, making it more robust to sub-
stantial seasonal, structural, and lighting changes.

However, developing such models also requires large,
high-quality image datasets paired with geo-locations and
timestamps. Existing datasets are often geographically bi-
ased toward the Northern Hemisphere [18] or contain sub-
stantial degraded or low-quality imagery [8, 9], making
them insufficient for rigorous evaluation at global scale.
To address this gap, we introduce a new benchmark for
geo-time aware image retrieval. Our benchmark is con-
structed from a curated subset of the AMOS webcam cor-
pus [8, 9], which offers global geographic coverage and
continuous image capture across seasons, weather condi-
tions, and times of day. We develop a multi-stage cura-
tion pipeline to (i) remove noisy, low-quality, or corrupted
frames, (ii) normalize and balance geographic coverage,
and (iii) construct train/test splits that preserve both spa-
tial and temporal diversity. The resulting dataset provides a
challenging yet reliable platform for evaluating models that
must reason jointly over images, locations, and timestamps.
In summary, our key contributions are as follows:
• We introduce geo-time aware image retrieval, a new task

that requires retrieving images consistent with both the
geographic location and target time-of-capture of a query.

• We propose TIGeR, a multimodal transformer-based
framework that learns a unified geo-temporal embedding
space through cross-modal attention over image, location,
and time inputs.

• We curate both a large-scale training dataset and a bench-
mark dataset with global geographic coverage, broad tem-
poral diversity, and extensive quality filtering, providing
the first large-scale testbed tailored to this task.

• We show that TIGeR outperforms prior methods, achiev-
ing average improvements of 16% on time-of-year pre-
diction, 8% on time-of-day prediction, and up to 14%
over state-of-the-art baselines for time-of-capture predic-
tion and geo-time aware retrieval.

2. Related Work
Time-aware understanding. Modeling how visual appear-
ance evolves over time has recently attracted growing atten-
tion in computer vision. Early works explored predicting
the time-of-capture from single images using either physical
or data-driven cues. Physically inspired methods [14, 34]
estimate time or verify timestamp consistency by analyz-
ing shadows or the Sun’s position, but they require strong
priors such as known camera orientation, sky visibility, or
external metadata. Data-centric approaches [22, 28, 41] in-
stead train neural networks to predict temporal attributes
such as time-of-day or month from labeled images, often
in combination with geo-tags. However, these models typ-
ically treat time as a classification target and are limited to
coarse, discretized predictions. GT-Loc [29] extends this di-
rection by learning a shared embedding space for image, lo-
cation, and time, but processes each modality independently
and aligns them only via a contrastive loss at the embed-
ding level, restricting its ability to capture rich cross-modal
geo-temporal relationships. In contrast, TIGeR explicitly
learns these relationships by enabling cross-modal attention
between modalities, producing a unified representation that
models how visual appearance varies jointly across geolo-
cation and time.

Global geo-localization. Geo-localization aims to infer
the geographic coordinates of an image or retrieve images
taken at similar locations from a large gallery. Traditional
methods either discretize the globe into geo-cells and frame
localization as classification [12, 19, 23, 37, 38], or adopt
a retrieval-based paradigm that matches query embeddings
to stored geospatial features [25, 29, 30, 36, 43, 44]. Re-
cent approaches such as GeoCLIP [36] leverage CLIP-style
contrastive training to align image and GPS embeddings
in a shared feature space, improving large-scale retrieval.
PIGEON [6] combines classification and retrieval for fine-
grained localization, while Img2Loc [42] and GAEA [4]
use multimodal large language models to reason jointly
over image content and metadata. However, these ap-
proaches still operate with largely independent encoders
and do not explicitly model cross-modal relationships gov-
erning geo-temporal variation. TIGeR bridges this gap by
using attention-based fusion to learn a shared representation
space in which both where and when matter: the model can
retrieve images captured at the same location but at a differ-

ent time, enabling genuine geo-temporal understanding.
Geo-temporal and multi-modal representation learn-

ing. Beyond standard geo-localization, several works seek
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to learn representations that combine multiple modalities
such as images, satellite, and GPS. SatCLIP [11] and related
approaches [16, 17, 40] extend CLIP-like dual encoders ap-
proach to align satellite, ground-level views, or GPS for
cross-domain geospatial tasks. While these dual-encoder
methods highlight the effectiveness of contrastive learning
for spatial alignment, they still encode each modality in-
dependently and rely on fixed modality pairs. TIGeR de-
parts from this paradigm by employing a shared multimodal
transformer and joint contrastive learning that allows image,
GPS, and time to attend to each other, inspired by [31, 32].
This design enables the model to learn fine-grained geo-
temporal correlations (e.g., how a specific location changes
across seasons or lighting conditions) and to perform re-
trieval across arbitrary modality combinations, rather than
being constrained to pre-defined pairs.

3. Method
Our goal is to learn a unified representation that jointly em-
beds the location, visual, and time modalities, namely, the
image I , GPS coordinates l, and time t into a shared geo-
temporal feature space. The representation is designed to
preserve location identity while capturing temporal varia-
tion, enabling flexible cross-modal retrieval. Our proposed
model is capable of various tasks, such as, (i) retrieve an
image of the same place at a different time, (ii) estimate the
geo-location from image alone, and (iii) predict a plausible
time-of-capture from single image or (iv) combined image
and location cues.

3.1. Problem Statement
Given a dataset Strain = {(Ii, li, ti)}Ni=1, where Ii is an im-
age, li denotes its GPS coordinates, and ti its capture time,
our goal is to learn a model f : M ! Rd that maps an
input M from the modality set {I, l, t, (I, l), (I, t), (l, t)}
into a shared feature space Rd. The model is trained so that
features from inputs describing similar geo-temporal condi-
tions (i.e., captured at nearby locations and times) have high
cosine similarity, while unrelated inputs are pushed apart.

3.2. Architecture
Our model comprises three stages (see Figure 2). The first
stage includes an image encoder V(I) = V 2 RNV ⇥d,
a location encoder G(l) = L 2 RNL⇥d, and a time en-
coder T (t) = T 2 RNT⇥d, where NV , NL, and NT

denote the number of tokens per modality and d the em-
bedding dimension. The image encoder is a frozen CLIP
ViT [24] that outputs one [CLS] token and NV �1 patch
embeddings. The location and time encoders use random
Fourier features (RFF) to project 2D inputs into NL and
NT high-dimensional vectors, modulated by frequencies
�i 2 {22i}N�1

i=0 . Each modality embedding is then linearly
projected and layer-normalized.

The second stage employs a multi-modal transformer
F to refine the modality-specific embeddings, learn-
ing fine-grained relationships between them via self-
attention. Since there are six possible input combinations,
{V, L, T, [V ;L], [V ;T ], [L;T ]}, we perform six forward
passes during training. When two modalities are provided,
we concatenate their embeddings along the token dimension
before fusion, i.e., X 2{V, L, T, [V ;L], [V ;T ], [L;T ]} and
obtain X

0
= F(X).

For each refined embedding X
0, we perform pooling to

aggregate token representations and then project them into
the shared embedding space via learned projections hx(·):

x =
1
Nx

NxX

i=1

X
0
i,:, x0

= hx(x), f(x) = x̄ =
x0

kx0k ,

Similarly for bimodal inputs, we first pool and project each
constituent modality to obtain embeddings x̄1 and x̄2, fol-
lowing the same procedure used for unimodal inputs. The
resulting normalized embeddings are then fused by averag-
ing:

f(x1, x2) =
x̄1 + x̄2

kx̄1 + x̄2k
.

This yields six embeddings {v̄, l̄, t̄, v̄l, v̄t, l̄t}, all residing
in a shared geo-temporal feature space.

3.3. Losses
TIGeR is optimized using a combination of contrastive
and classification losses with soft metric targets. The con-
trastive objectives encourage embeddings from different in-
put modalities to align within the shared feature space,
forming the foundation for all geo-temporal retrieval tasks.
In parallel, a classification loss is applied only to the final
image embeddings v̄, enforcing a smooth, structured orga-
nization of the embedding space guided by the soft metric
targets.
Contrastive losses. We employ five contrastive objectives
to align all meaningful modality pairs, excluding the indi-
vidual location and time embeddings (̄l, t̄), which remain
uncorrelated. Specifically, we optimize the pairs (v̄, l̄),
(v̄, t̄), (v̄, l̄t), (̄l, v̄t), and (t̄, v̄l). Each pair (xi,yi) is
trained using the InfoNCE loss [20]:

L(i)
C
(xi,yi) = � log

exp(x>
i
yi/⌧)P

j
exp(x>

i
yj/⌧)

, (1)

where ⌧ is a temperature parameter controlling the sharp-
ness of the distribution. The overall contrastive objective is
the sum of all pairwise components:

LC = LC(v̄, l̄) + LC(v̄, t̄) + LC(v̄, l̄t)

+ LC (̄l, v̄t) + LC(t̄, v̄l).
(2)
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Figure 2. Architecture of TIGeR. Given an image I , GPS coordinates l, and timestamp t, modality-specific encoders produce visual (V ),
location (L), and temporal (T ) embeddings. Individual and pair-wise modality tokens are passed through a shared multi-modal transformer

F(·), which employs self-attention to learn geo-temporal interactions. Pooled embeddings are projected into a shared embedding space,
where a contrastive loss aligns unimodal and fused representations across all modality pairings (e.g., V –L, V –T , L–T ). In parallel, the
classification losses with metric targets on discretized location and time classes encourage the model to learn hierarchical cross-modal
representations that vary smoothly across the embedding space.

Classification losses. To encourage the model to learn geo-
temporal representations that vary smoothly across the em-
bedding space, we employ two classification losses with
soft targets on the image embedding v̄.

Geo-location classes. We define spatial classes us-
ing the Hierarchical Equal Area isoLatitude Pixelisation
(HEALPix) [5] scheme, which divides the Earth’s surface
into equal-area regions whose centers lie on discretized lat-
itude circles. The base resolution yields 12 cells, and each
subdivision increases the count fourfold. We use the fourth
hierarchy level (12 ⇥ 4

3
= 768 regions). For each im-

age–GPS pair (I, l), we compute the HEALPix label as
(yl, lC) = HEALPix(l), where yl is the one-hot class vec-
tor and lC the coordinates of the corresponding cell center.

Time classes. Temporal classes are defined by binning
the time-of-day (ToD) and time-of-year (ToY) into 1-hour
and 1-month intervals, producing 24⇥ 12 = 288 bins. Fol-
lowing GT-Loc [29], each timestamp is represented as a
point on the flat torus t = (✓,�) 2 T2, partitioned into
288 equal-area regions. For each (I, t) pair, we assign
(yt, tC) = TimeClass(t), where yt is the one-hot class
vector and tC the center of the corresponding region.

Soft targets. To obtain soft supervision, we measure the
similarity between class centers via a metric . For geo-
location classes,  is the Haversine (great-circle) distance
on the sphere. For time classes, we use the geodesic dis-
tance on the torus:

(ti, tj) =

s X

↵2{✓,�}

min
�
1� |�↵i,j |, |�↵i,j |

�2
. (3)

Given a temperature �, we construct a normalized affinity
matrix

Ki,j =
exp[�(Ci, Cj)/�]P
j
exp[�(Ci, Cj)/�]

, (4)

where Ci and Cj are the centers of two classes of the same
modality. The soft target is then ey = Ky, which spreads
probability mass over neighboring classes. The final clas-
sification loss is the cross-entropy between the predicted
probabilities ŷ = �(MLP(v̄)) and the soft target:

LH = �
X

i

eyi log ŷi. (5)

4. Benchmark Dataset Curation
Constructing a dataset suitable for time-aware geolocaliza-
tion presents significant challenges. One potential dataset
is AMOS [8, 9], which provides a vast collection of static
outdoor imagery distributed across diverse regions, months,
and times-of-day, however, its raw form is highly unsuit-
able for direct use. The dataset suffers from pervasive
noise and corruption, stemming from both hardware limi-
tations and environmental conditions. Many cameras fre-
quently generate unusable frames due to broken hardware
or missing camera feeds. Low-cost sensors introduce ad-
ditive Gaussian-like noise and compression artifacts, while
night time images often collapse into near-black frames
with severely limited dynamic range. Other failure modes
include misconfigured sensors producing banding or dead
pixels, placeholders or stale frames with uniform content,
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Figure 3. Benchmark dataset curation pipeline. Starting from the AMOS corpus, we randomly sample 1,255 static cameras with broad
global coverage and identify diverse corruption modes. We manually label 4,000 images for quality, train a semi-supervised image quality
classifier on frozen visual features, and apply it to 8M unlabeled frames to predict a quality score P (H|I). Using thresholds TH=0.7 and
TL=0.4, images are partitioned into high-, medium-, and low-quality subsets, and low-quality frames are discarded. High-quality images
are then used to construct a geographically balanced test set by sampling cameras across 10� ⇥ 10� latitude-longitude bins and retaining
only cameras with at least 500 frames spanning a year, while the remaining high- and medium-quality images form the training set. The
resulting benchmark contains 4.5M training images and 86k test images, with no camera overlap between splits.

and weather-induced distortions (rain, snow, fog) that ob-
scure critical scene details. Without careful filtering, these
corruptions overwhelm useful signal, making curation a
central challenge. We list all the corruption modes and de-
scribe them in detail in the supplementary section A.

To overcome these challenges, we design a multi-stage
curation pipeline (Figure 3), that systematically filters noise
while preserving both geographic and temporal diversity.
To ensure global coverage, we begin by randomly sam-
pling 1,255 cameras from the AMOS dataset across both
hemispheres and multiple continents. To build a supervised
filtering model, we manually annotate 4,000 samples into
high- and low-quality categories, capturing the diverse cor-
ruption modes described above. Formally, if an image I has
any form of corruption, we assign it to the low-quality set L
with a label q = 0; otherwise it is placed in the high-quality
set H with q = 1.

Using these seed sets, we train a lightweight classi-
fier on frozen CLIP [24] and DINOv2 [21] visual fea-
tures, with a linear probe optimized for binary quality pre-
diction. The output of the model is a confidence score
p(q = H|I) 2 [0, 1], indicating the probability that an im-
age is of high-quality. We then evaluate the model’s perfor-
mance on a hold-out set of 400 images resulting in a binary
classification accuracy of 91%. Based on the cumulative
score distribution to select two thresholds TH = 0.7 and
TL = 0.4 which we use to group the predictions into high-

(Ĥ), medium- (M̂ ), and low-quality (L̂) sets as follows:

I 2

8
><

>:

Ĥ, if P (H|I) � TH

M̂, if TL  P (H|I) < TH

L̂, if P (H|I) < TL

. (6)

The images assigned to the low-quality set L̂ are re-
moved from the dataset, since excessive noise can obscure
the geo-temporal signals needed to train and evaluate our
model. In contrast, the high-quality images in Ĥ are well
suited for building the test set, as they typically exhibit good
illumination, mild weather conditions, and reliable camera
feeds. To construct a representative benchmark, we seek a
test set with a balanced geographic distribution across both
hemispheres. This is particularly important for tasks involv-
ing time-of-year, since seasonal appearance is strongly cor-
related with calendar month, while seasons are inverted be-
tween the Northern and Southern Hemispheres.

Beyond balancing the number of test images across
hemispheres, we also aim to avoid over-representing re-
gions with denser camera coverage. To this end, we par-
tition the globe into 10

� ⇥ 10
� latitude-longitude bins and

select cameras that are approximately evenly distributed
across them. From these candidate cameras, we retain only
those with at least 500 frames spanning a full year, ensuring
coverage across multiple months and hours at each location.
All remaining cameras from the high- and medium-quality
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Figure 4. Dataset statistics and distributions. Top: Geograph-
ical distribution of camera locations across the world in the pro-
posed dataset, showing wide coverage across multiple continents.
Left: Time-of-year (month) distribution of the captured images.
Right: Time-of-day (hour) distribution of the captured images.

subsets are assigned to the training set. Importantly, the
training and test splits share no cameras, allowing our eval-
uation to better measure the model’s ability to generalize to
unseen locations.

After all the filtering stages, the curated dataset con-
tains 4.5M training images and 86k test images. Figure 4
illustrates the resulting geographic and temporal distribu-
tions. This pipeline transforms the noisy AMOS corpus
into a clean, balanced, and diverse benchmark, enabling ro-
bust training and reliable evaluation for downstream geo-
localization and time prediction tasks.

5. Benchmarking
We evaluate TIGeR on three retrieval tasks to demonstrate
its ability to learn strong and generalizable geo-temporal
representations: geo-time aware image retrieval, time-of-
capture prediction and geo-localization.

5.1. Geo-time Aware Image Retrieval
This task aims to retrieve, from a global gallery, the image
that best matches a query in terms of both location and time.
Prior work [29] studied an oracle variant where the ground-
truth GPS location l

Q is given, and the query is formed by
fusing the location and target time t

Q embeddings. Here
we consider a more challenging and realistic setting: given
a query image I

Q and target time t
Q, the goal is to retrieve

an image {IG
i
}N
i=1 captured at the same physical location as

I
Q and at time t

Q. In this case, the model must infer and
preserve location identity directly from the image, rather
than relying on explicit GPS.

We address this problem by encoding the image and time
with TIGeR and fusing their embeddings into a unified
geo-temporal representation. We precompute gallery em-
beddings v̄G

i
= f(I

G

i
) and, at inference, obtain the fused

query representation v̄tQ = f(I
Q
, t

Q
). Retrieval is then

performed by maximizing cosine similarity:

(I
Q
)
⇤
= argmax

IG

�
f(I

Q
, t

Q
)
>
f(I

G
)
�
. (7)

We evaluate on two complementary benchmarks: our
TIGER-TEST-86K split and a balanced partition of
CVT [27] across hemispheres. TIGER-TEST-86K is built
from webcams with multiple observations of the same cam-
era across the year, enabling fine-grained geo-temporal re-
trieval at fixed locations but varying times. CVT instead
consists of social media images at arbitrary locations and
times, without repeated cameras; here, retrieval is consid-
ered correct if the result lies within 125 km of the query
location and matches the specified time.

We compare TIGeR against two main baselines. The
first is the triple-encoder classifier of Zhai et al. [41], orig-
inally proposed for joint geo-location and time-of-capture
classification. In addition to the original InceptionV2 [33]
backbone, we also evaluate a stronger variant with a CLIP
ViT-L/14 [24] backbone for fair comparison. Follow-
ing [29], we adapt this model to retrieval by first predict-
ing the query geo-location class l̂

Q, then computing loca-
tion and time posteriors P (l | IG

i
) and P (t | IG

i
) for each

gallery image and defining

score(I
G

i
) = P (l = l̂

Q | IG
i
)P (t = t

Q | IG
i
),

which is used to rank the gallery.
The second baseline is GT-Loc [29], which maps loca-

tions, images, and times into a shared feature space but
lacks TIGeR’s multimodal transformer. Here we encode
image and time independently and perform late fusion by
averaging their embeddings, which cannot explicitly model
higher-order interactions between geo-location and time.

Table 1 reports quantitative results. TIGeR consistently
outperforms all baselines, achieving higher recall at most
ranks on both datasets. This indicates that the learned repre-
sentations are well aligned across visual, temporal, and geo-
location modalities, and that the fused embeddings success-
fully encode both location and time information rather than
over-emphasizing purely semantic visual similarity. Qual-
itative examples comparing TIGeR and the baselines are
shown in Figure 5. We show additional examples on the
supplementary section B.
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Table 1. Geo-time Aware Image Retrieval on images from unseen locations. Given a query image (I) and target time (t), the goal
is to retrieve an image captured at the same geographic location as the query but at the specified target time. Our model significantly
outperforms prior approaches, demonstrating strong geo-temporal alignment and robustness to temporal variation. *indicates methods we
replicate, closely adhering to protocols outlined by prior work

Method Retrieval TIGeR-test-86k CVT
R@1 (%) R@5 (%) R@10 (%) R@1 (%) R@5 (%) R@10 (%)

Zhai et al. [41]* It ! I 1.97 7.05 11.23 0.45 1.59 2.38
Zhai et al. w/ CLIP [41]* It ! I 2.60 8.80 13.70 2.95 8.76 13.31
Time-Loc [29]* It ! I 0.38 1.73 3.19 15.23 19.28 21.18
GT-Loc [29]* It ! I 0.34 1.56 2.94 16.45 20.44 22.59

TIGeR (Ours) It ! I 3.51 23.30 37.51 14.55 24.46 29.98

5.2. Time Prediction and Geo-localization
In this task, the objective is to estimate both the geo-location
and time-of-capture of a query image by comparing its em-
bedding against dedicated galleries of location and time em-
beddings, respectively, and selecting the most compatible
entries according to cosine similarity.

Let I
Q be a query image and let {xG

i
}NG
i=1 denote a

gallery of targets from a modality x (either GPS coordi-
nates or timestamps). Our model produces an image em-
bedding v̄Q 2 Rd and a gallery embedding xG

i
2 Rd for

each gallery item. In addition, a modality-specific classi-
fier predicts a probability vector ŷ over B coarse classes
(e.g., HEALPix bins for GPS or time bins for timestamps).
We write b(x

G

i
)2{1, . . . , B} for the class index associated

with gallery item x
G

i
.

We combine a continuous retrieval signal with a discrete
prior. Treat the cosine similarity as a temperature-scaled
log-likelihood of a match, and the classifier output as a prior
over classes. The resulting posterior-like score for each
gallery item x

G

i
is

score(x
G

i
) =

(v̄Q
)
>xG

i

 
+ �(I

Q
) logP

�
b(x

G

i
) | IQ

�
,

(8)
where  > 0 is a temperature parameter and �(I

Q
) � 0

controls the influence of the classifier prior for the query.
A fixed � can help on easy (confident) queries and hurt

on hard (uncertain) ones. We therefore make � query-

adaptive using the classifier entropy:

�(I
Q
) = �max

✓
1� H(ŷ)

logB

◆
, (9)

where H(ŷ) is the Shannon entropy and logB the maxi-
mum entropy for B classes. Thus, �(IQ) 2 [0,�max]: it
approaches �max when the classifier is confident (low en-
tropy) and decreases toward 0 when it is uncertain (high
entropy).

Equation (8) allows the retrieval term to pull fine-grained
neighbors while the prior guides the search toward plausi-

ble classes. The entropy-adaptive weighting in (9) ensures
the prior has strong influence only when it is informative,
mitigating boundary effects and domain shift.

In the time prediction task, rather than conditioning onlt
on the image embedding v̄Q, we can optionally incorporate
the known location as auxiliary input. In this setting, we use
the fused embedding v̄l

Q
= f(I

Q
, G

Q
) as the query repre-

sentation and compute cosine similarity against gallery time
embeddings. This variant often improves temporal predic-
tion accuracy by constraining retrieval to locations consis-
tent with the provided GPS context.

Tables 2 and 3 summarize the performance of our
method on time prediction and geo-localization, respec-
tively. Overall, TIGeR achieves state-of-the-art results on
both tasks. For time-of-capture prediction, TIGeR consis-
tently outperforms prior methods on both month and hour
estimation. Moreover, when geo-location is provided as an
auxiliary input and fused with the image representation, per-
formance improves substantially. This behavior is expected,
as the visual appearance of time is strongly coupled with
latitude and season (e.g., higher latitudes exhibit more pro-
nounced seasonal variation than regions near the Equator).

For geo-localization, TIGeR also attains competitive
performance compared to strong baselines. However, in this
setting, using time as an auxiliary signal does not always
lead to further gains. Unlike location, time-of-capture is a
comparatively weak and ambiguous cue for disambiguat-
ing places: many geographically distant locations can share
similar illumination and seasonal appearance at a given
time, and the time predictions themselves may be noisy.
Incorporating this uncertain temporal signal can therefore
introduce additional variance or bias the model toward spu-
rious correlations, which sometimes offsets the benefits of
joint time–location reasoning for geo-localization.

5.3. Ablation Analysis
We conduct an ablation study to quantify the contribution
of each component of TIGeR on geo-localization and time-
of-capture prediction. For both tasks, we report errors av-
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Table 2. Time prediction on unseen cameras. *indicates methods
we replicate, closely adhering to protocols outlined by prior work.

Method Retrieval
TIGeR-test-86k CVT-test

ToY ToD ToY ToD
Error# Error# Error# Error#

Zhai et al. [41]* I ! t 68.38 3.97 87.37 3.28
Zhai et al. w/ CLIP [41]* I ! t 57.51 3.22 68.95 2.8
Time-Loc [29]* I ! t 74.87 4.02 65.10 2.86
GT-Loc [29]* I ! t 74.58 3.52 78.95 2.68
TIGeR (Ours) I ! t 51.49 3.13 62.88 2.73
Zhai et al. [41]* Il ! t 66.36 3.88 73.15 3.15
Salem et al. [28]* Il ! t 74.29 3.57 75.48 3.1
Zhai et al. w/ CLIP [41]* Il ! t 55.15 3.19 60.42 2.77
Salem et al. w/ CLIP [28]* Il ! t 55.4 3.24 64.05 2.71
TIGeR (Ours) Il ! t 48.86 3.06 47.00 2.35

Table 3. Geo-localization accuracy. *indicates methods we repli-
cate, closely adhering to protocols outlined by prior work.

Method Retrieval TIGeR-test-86k CVT-test
200 km 750 km 200 km 750 km

Zhai et al. [41]* I ! l 22.05 46.20 3.50 10.50
Zhai et al. w/ CLIP [41]* I ! l 28.58 64.85 23.13 57.74
GeoCLIP [36] I ! l 21.58 37.58 43.62 60.77
GT-Loc [29]* I ! l 21.07 35.93 42.63 59.49

TIGeR (Ours) I ! l 48.63 65.61 51.90 66.53
Zhai et al. [41]* It ! l 21.99 46.62 4.46 13.41
Zhai et al. w/ CLIP [41]* It ! l 28.83 65.16 23.82 58.97

TIGeR (Ours) It ! l 48.34 64.51 53.40 67.15

Table 4. Cumulative ablation study on the components of TIGeR.

Setting Month Hour Geo-location
Error Error Error (km)

Base model 76.77 3.10 668.97
+ multi-modal transformer 57.58 2.98 238.58
+ Classification heads 57.20 2.95 234.53
+ Entropy adaptive reranking 57.20 2.93 203.93

eraged over TIGER-TEST-86K and CVT-test. For geo-
localization, we use mean geodetic error (in kilometers)
rather than recall at distance thresholds, as this yields a sin-
gle, directly comparable metric.

Table 4 summarizes the results. We start from a base

model that includes image, location, and time encoders
trained with only two contrastive losses, analogous to GT-
Loc [29]. Adding the multi-modal transformer together
with the five cross-modal contrastive losses from Eq. 2
yields the largest performance gain across both temporal
and geo-location errors, highlighting the importance of joint
geo-temporal modeling. Next, we introduce classification

heads as auxiliary supervision during training, which pro-
vides a modest additional improvement. Finally, we lever-
age these heads at test time through our entropy-adaptive

reranking scheme, which uses the classifier predictions as
a confidence-weighted prior. This step produces a substan-

!!

"!
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Feb 22, 14:29

Jun 11, 20:59

Jun 6, 20:51

Jan 17, 17:33

Jun 4, 18:33

Feb 7, 17:33

Feb 28, 07:32

Mar 29, 17:42

Feb 22, 14:29

TIGeR

GT-Loc

Zhai et al.

Jun 1, 16:12

Dec 13, 08:43

Jul 13, 11:12

Jun 4, 18:33Jul 13, 11:12

Figure 5. Qualitative results on geo-time aware image retrieval
with images from unseen locations. Given a query image IQ and
a target time tQ (shown above each column), the goal is to retrieve
an image captured at the same location as the query but at the spec-
ified target time. For visualization, the actual time-of-capture for
each image is overlaid on top of it. Each row shows top-1 retrieval
results from different methods. While prior approaches (Zhai et
al. [41], GT-Loc [29]) often retrieve images captured at incorrect
times, our TIGER model accurately retrieves images correspond-
ing to the target time while maintaining location consistency. Best
viewed in color.

tial reduction in geo-localization error, resulting in the full
TIGeR model. Additional ablations and analyses are pro-
vided in the supplementary section C.

6. Conclusion

We introduced TIGeR, a unified framework for jointly
modeling images, geo-location, and time, and formalized
the task of geo-time aware image retrieval, where the goal
is to retrieve an image captured at the same physical loca-
tion as a query but at a specified target time. To enable
rigorous evaluation, we curated a large-scale benchmark
with globally distributed, temporally diverse, and carefully
filtered imagery. TIGeR combines modality-specific en-
coders with a multi-modal transformer to map all modalities
into a shared geo-temporal embedding space, and is trained
with contrastive objectives and entropy-adaptive reranking
to capture fine-grained relationships between where and
when a scene is observed. Extensive experiments show
that TIGeR achieves state-of-the-art performance across
geo-localization, time-of-capture prediction, and geo-time
aware image retrieval.
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nis Papoutsis. Mind the modality gap: Towards a remote
sensing vision-language model via cross-modal alignment.
arXiv preprint arXiv:2402.09816, 2024. 3

[41] Menghua Zhai, Tawfiq Salem, Connor Greenwell, Scott
Workman, Robert Pless, and Nathan Jacobs. Learning geo-
temporal image features. In British Machine Vision Confer-

ence, 2019. 1, 2, 6, 7, 8, 5
[42] Zhongliang Zhou, Jielu Zhang, Zihan Guan, Mengxuan Hu,

Ni Lao, Lan Mu, Sheng Li, and Gengchen Mai. Img2loc:
Revisiting image geolocalization using multi-modality foun-
dation models and image-based retrieval-augmented genera-
tion. In Proceedings of the 47th International ACM SIGIR

Conference on Research and Development in Information

Retrieval, pages 2749–2754, 2024. 2
[43] Sijie Zhu, Taojiannan Yang, and Chen Chen. Vigor: Cross-

view image geo-localization beyond one-to-one retrieval. In
Proceedings of the IEEE/CVF Conference on Computer Vi-

sion and Pattern Recognition, pages 3640–3649, 2021. 2

23964



[44] Sijie Zhu, Mubarak Shah, and Chen Chen. Transgeo: Trans-
former is all you need for cross-view image geo-localization.
In Proceedings of the IEEE/CVF Conference on Computer

Vision and Pattern Recognition, pages 1162–1171, 2022. 2
[45] Sijie Zhu, Linjie Yang, Chen Chen, Mubarak Shah, Xiao-

hui Shen, and Heng Wang. R2former: Unified retrieval and
reranking transformer for place recognition. In Proceedings

of the IEEE/CVF conference on computer vision and pattern

recognition, pages 19370–19380, 2023. 1

23965


	Introduction
	Related Work
	Method
	Problem Statement
	Architecture
	Losses
	Benchmark Dataset Curation
	Benchmarking
	Geo-time Aware Image Retrieval
	Time Prediction and Geo-localization
	Ablation Analysis

	Conclusion

	Corruption modes in AMOS
	Qualitative results
	Ablations
	Effect of the shared multimodal fusion transformer
	Effect of the image backbone
	Effect of geo-location and temporal thresholds in geo-time-aware image retrieval
	Compositional Image Retrieval
	Analysis on geo-time-aware image retrieval
	Analysis on time prediction
	Additional time-prediction baselines
	Training details

	Embedding space visualization


