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Abstract

Identifying the same person across multiple cameras is
a core task in video surveillance. When cameras are
mounted overhead (pointing downward, upward, or even
inverted), the task becomes much harder because the per-
son’s appearance changes drastically with viewing angle.
We present OV-RelD (Overhead-View Re-Identification), a
system that learns to recognise people from both colour
(RGB) and depth video captured by such overhead cam-
eras. OV-RelD uses two parallel neural networks, one per
sensor type, trained together so that both produce compat-
ible identity descriptions. We evaluate on TVRID [6], the
benchmark of the ICPR 2026 Top-View RGB-Depth Re-1D
Challenge, with 62 people recorded from four camera an-
gles including upward- and downward-facing setups that
closely resemble aerial surveillance. OV-RelD achieves
99.5% mAP on RGB and 94.3% mAP on depth, outper-
forming the official competition baseline by +18.9 mAP
points on RGB (from 80.6%) and +46.9 mAP points on
depth (from 47.4%). Code and models are publicly avail-
able: github.com/MdRashidunnabi/TVRID_RGB (RGB) and
github.com/MdRashidunnabi/TVRID _DEPTH (Depth). Re-
markably, when matching between an upward-facing and
a downward-facing camera (the most aerial-like scenario),
the system achieves perfect 100% recognition accuracy on
RGB.

1 Introduction

Person re-identification (RelD) asks: is this the same per-
son seen by a different camera? When cameras are mounted
overhead at extreme angles (upward, downward, or inverted),
a person’s appearance changes drastically due to foreshort-
ening and viewpoint shift, causing standard eye-level RelD
systems to struggle [4]. Adding depth sensors introduces
a further challenge, since matching colour frames to depth
frames requires bridging two distinct modalities. The ICPR
2026 TVRID Challenge [6] directly targets this problem by
introducing a top-view RGB-depth benchmark with multiple

camera inclinations and evaluation tracks for RGB, Depth,
and Cross-modal ReID. We propose OV-RelD (Overhead-
View Re-Identification), shown in Fig. 1. Our key contribu-
tions are: (1) a dual-stream ResNet50 network that trains
RGB and depth jointly through a shared identity classifier;
(2) attention temporal pooling to focus on the most infor-
mative frames per clip; (3) a four-component loss (identity,
within-modal triplet, cross-modal triplet, centre) that pro-
duces a shared embedding space for both modalities; and (4)
state-of-the-art results: RGB mAP = 0.9951 (+18.9 points
over baseline) and Depth mAP = 0.9433 (+46.9 points over
baseline), with perfect aerial-view accuracy on the most chal-
lenging scenario. Code and pretrained weights are linked in
the abstract.
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Figure 1. Baseline (left) vs. OV-RelD (right). The baseline trains
modalities separately, treats all frames equally, and has no cross-
modal alignment. OV-RelD addresses all three limitations, improv-
ing depth mAP from 47.4% to 94.3% (+46.9 points).

2 Related Work

Video-based person re-identification. Early person RelD
research primarily focused on matching still images across
cameras [10], whereas video-based methods exploit tempo-
ral continuity to aggregate evidence from multiple frames
and produce more robust identity representations. Recent
transformer-based video ReID models have shown that tem-
poral modelling can substantially improve retrieval perfor-
mance by capturing frame dependencies and motion-aware
identity cues [8]. This is particularly important in overhead
video, where motion blur, partial body visibility, and abrupt
viewpoint variation often make many individual frames un-
reliable. Motivated by this line of work, OV-RelD adopts a
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learned temporal attention mechanism inside each modality
stream to emphasize the most informative clip frames during
aggregation.

Depth and multimodal re-identification. Conventional
RGB-only systems often degrade under adverse illumina-
tion, appearance ambiguity, or strong viewpoint changes,
which has motivated growing interest in multimodal person
RelD settings involving depth or other complementary sens-
ing modalities [2, 1 1]. A central challenge in such settings is
learning a representation space in which semantically corre-
sponding samples from different modalities remain compara-
ble despite large distribution gaps. Cross-modal alignment is
therefore commonly enforced through discriminative metric
objectives rather than naive feature fusion alone. Follow-
ing this principle, OV-RelD uses separate modality-specific
feature extraction together with a cross-modal triplet objec-
tive [3] to align RGB and depth embeddings of the same
identity while still preserving modality-specific information.
Aerial and overhead person analysis. AG-RelD [4] was
among the first works to study aerial-to-ground person re-
identification systematically, showing that severe viewpoint
change significantly weakens the reliability of conventional
eye-level RelD models. BRIAR [1] further broadened this
perspective by introducing long-range and altitude-diverse
person recognition scenarios collected in realistic condi-
tions, highlighting the continuing difficulty of recognition
under airborne acquisition settings. More recently, AG-
VPRelD [5] established a large-scale benchmark for aerial-
ground video-based person re-identification and demon-
strated that cross-view video matching remains a challenging
open problem even with strong modern baselines. In contrast
to these RGB-focused benchmarks, TVRID [6] introduces
synchronized RGB and depth streams under multiple top-
view camera inclinations, offering a dedicated benchmark
for overhead multimodal video ReID. OV-RelD is designed
to address these combined challenges by jointly modelling
extreme viewpoint variation, RGB-depth heterogeneity, and
temporal aggregation across video clips.

3 OV-RelD: Method

Fig. 2 shows the architecture. OV-RelD consists of two par-
allel ResNet50 encoder branches that independently process
RGB and depth video clips (7'=6 uniformly sampled frames
each). Keeping the two branches completely separate during
feature extraction is a deliberate design choice: weight shar-
ing at this stage would bias the network towards the richer
RGB signal and prevent the depth branch from developing
its own specialised representation. Depth frames are nor-
malised to [0, 1] and replicated to 3-channel tensors so that
both modalities share the same encoder architecture without
requiring a separate backbone.

Attention temporal pooling. Each branch applies a two-
layer attention module to produce a weighted summary of

the clip:

a = softmax(Ws tanh(W,H'")), z=a'H, (1)
where H € RT*? stacks per-frame features row-wise; the
scalar attention weights a are predicted by a two-layer
MLP; and z is the weighted average, then projected and
L2-normalised to a 2048-d identity descriptor. Simple mean
pooling treats all frames equally, which is problematic for
overhead footage where a person frequently passes through
partial occlusion, motion blur, or shadow as they traverse
the camera’s field of view; attention pooling learns to down-
weight such degraded frames automatically.

Training loss. Four terms are combined:

L= L:ID + Etri + Ecross + )\c‘ccena (2)

where Lip is label-smoothed cross-entropy that provides a
strong classification signal; Ly,; is batch-hard triplet loss [3]
that pushes same-identity embeddings together within each
modality; L.;oss 1S a cross-modal triplet that aligns RGB and
depth embeddings of the same person so that cross-modal re-
trieval is possible at test time without any further adaptation;
and L., [7] minimises residual intra-class scatter after met-
ric learning (A.=0.0005). Each loss component addresses a
distinct failure mode: Lip alone cannot enforce good rank-
ing; L4,; alone cannot align modalities; and without L., the
embedding clusters remain diffuse.

Inference. Each clip is passed twice (original and horizon-
tally flipped) and the two descriptors are averaged before
retrieval, a simple test-time augmentation (TTA) that mea-
surably improves robustness at no extra training cost. K-
reciprocal re-ranking [9, 12] (k1=20, k=6, A=0.3) is then
applied to the pairwise distance matrix. Re-ranking refines
distances by exploiting mutual nearest-neighbour structure:
if a query ranks a gallery item highly and that item also
ranks the query highly, their distance is reduced; this mutual
consistency check is particularly effective for overhead mul-
timodal retrieval where initial embedding distances can be
noisy across modalities.

4 Experiments
4.1 Dataset and Evaluation Protocol
TVRID [6] is the benchmark dataset of the ICPR 2026
Top-View RGB-Depth Re-ID Challenge, hosted on Cod-
aBench, with the dataset publicly available via Zenodo
(DOI 10.5281/zenodo.17909410) and a starter kit released on
GitHub. It contains 88 identities captured by four overhead
Intel RealSense D455 cameras, with each passage observed
twice (IN/OUT) across four geometric contexts: flat ground,
ascent, descent, and oblique roof view. For the extracted
benchmark version used by the official starter kit, cropped
RGB and depth sequences are provided at 300 x 300 resolu-
tion, and the depth data are distributed as aligned cropped
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Figure 2. OV-RelD architecture. Two independent ResNet50
streams process RGB and depth passages through attention tempo-
ral pooling into a shared 2048-D embedding space, supervised by
four complementary losses during training.
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streams in the released benchmark package. Key statistics
are summarised in Table 3.

The competition defines three tracks: RGB (RGB—RGB
retrieval), Depth (Depth— Depth, privacy-preserving), and
Cross (RGBDepth retrieval). We report results on the
RGB and Depth tracks; OV-RelD’s cross-modal triplet loss
also supports the Cross track by aligning embeddings across
modalities in the same shared space. Submissions are
evaluated with mean Average Precision (mAP) and Cu-
mulative Matching Characteristic at ranks 1, 5, and 10
(CMC@1/5/10), and the benchmark reports both per-track
overall performance and scenario-wise results. We follow
this protocol throughout.

4.2 Implementation Details

OV-RelD is implemented in PyTorch. Both encoder branches
use a ResNet50 backbone pre-trained on ImageNet, with the
final fully-connected layer replaced by a 2048-dimensional
embedding head. Training runs for 120 epochs using the
Adam optimiser with an initial learning rate of 3x107%,
a 10-epoch warm-up phase, and cosine annealing decay.
Each mini-batch contains 8 identities with 4 video clips
each; 6 frames are uniformly sampled per clip and resized
to 256 x 256 pixels. Standard data augmentation is applied:
random horizontal flip, random crop, random erasing, and
colour jitter for RGB; the same spatial augmentations plus
Gaussian noise for depth. All experiments run on a single
NVIDIA GPU. See the abstract for public repository URLSs.

Table 1. OV-RelD vs. competition baseline: overall mAP and
CMCe@l.

RGB Depth
Method mAP CMC@! mAP CMC@l
Baseline [6] 0.8064 07177 04744  0.2838
OV-RelID (ours) 0.9951  0.9917 09433  0.9044
A +0.1887 +0.2740 +0.4689 +0.6206

Table 2. Per-scenario results on TVRID public test set.
mAP CMC@l CMC@5 CMC@10

Track Scenario

same-cam 0.9882  0.9804 1.0000 1.0000
RGB up-down  1.0000  1.0000 1.0000 1.0000
flat-others 0.9972  0.9948 1.0000 1.0000
Overall 0.9951 0.9917 1.0000 1.0000
same-cam 0.9390 0.8971 0.9951 1.0000
Denth up-down  0.9439  0.8942 1.0000 1.0000
P fat-others 0.9470 09219  1.0000  1.0000
Overall 0.9433  0.9044 0.9984 1.0000
Table 3. TVRID dataset summary.
Property Value
Identities 88
Camera views 4
Observations per passage 2 (IN/OUT)
Geometric contexts 4 (flat ground, ascent, descent, oblique roof view)
Resolution (extracted crops) 300%300 px
Modalities RGB + Depth
Competition tracks 3
Metrics mAP, CMC@1/5/10

4.3 Results and Analysis

Comparison with ICPR baseline. Table | compares OV-
RelD against the official baseline released for the TVRID
challenge [6]. OV-RelD improves RGB mAP from 0.8064
to 0.9951 (+18.9 points) and Depth mAP from 0.4744 to
0.9433 (+46.9 points). The improvement is especially large
on the Depth track, where CMC@1 rises from 0.2838 to
0.9044. These results indicate that the proposed jointly
trained dual-stream design is substantially more effective
than the released baseline for overhead multimodal person
re-identification.

Per-scenario results. Table 2 reports OV-RelD perfor-
mance broken down by evaluation scenario. On the up-down
scenario, OV-RelD achieves mAP = 1.0000 for RGB. All
scenario-modality combinations reach CMC@ 10 = 1.0000,
indicating that the correct match is always present within
the top 10 retrieved results. Fig. 3 visualises the complete
comparison across scenarios, tracks, and metrics.

Ablation study. Table 4 incrementally adds each compo-
nent on the Depth track; every addition improves mAP and
CMC@]1, confirming that all design choices contribute.

5 Conclusion

We presented OV-RelD, a dual-stream framework for over-
head person re-identification using synchronised RGB and
depth video. By jointly learning modality-specific and cross-

CVPR
e

192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212

213

214
215
216



CVPR
rsaes

217
218
219
220

221
222
223
224
225
226
227

CVPR 2026 Submission #*****, CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

OV-RelD vs Baseline — TVRID Evaluation Results
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Figure 3. OV-RelD vs. Baseline on TVRID. Top row: RGB mAP per scenario, RGB CMC curves, overall mAP comparison. Bottom row:
same for Depth; rightmost panel shows CMC@ 1 per scenario for both tracks. OV-RelD (blue) consistently outperforms the Baseline (grey)

across all scenarios, tracks, and metrics.

Table 4. Ablation on Depth track. {: estimated from checkpoints.

Configuration mAP CMC@1

ResNet50 + ID loss only 0.853"  0.786"
+ within-modal triplet ~ 0.8961  0.8311
+ cross-modal triplet 0.9217  0.873f
+ attention pooling 0.933"1  0.889f
+ TTA (flip) 0.938"  0.896f
+ k-reciprocal re-ranking 0.9433  0.9044

modal identity representations, the proposed system achieves
RGB mAP = 0.9951 and Depth mAP = 0.9433 on the
TVRID benchmark [6], surpassing the official baseline by
+18.9 and +46.9 mAP points, respectively.

Notably, the most challenging aerial-like setting, involv-
ing matching between upward- and downward-facing cam-
eras, does not degrade performance, with RGB recognition
reaching 100% . This suggests that the jointly trained dual-
stream design can learn view-invariant features that remain
effective even under severe viewpoint change, which is a
central difficulty in aerial and overhead person analysis [4].

Future work will focus on evaluation with real UAV
footage [1], lighter architectures for deployment, scalability
to larger and more diverse environments, and transformer-
based backbones for stronger temporal modelling [8].
Limitations and broader impact. OV-RelD currently de-
pends on synchronised RGB-D video, which restricts its
applicability to sensor-equipped environments. Its perfor-
mance on larger identity sets, longer time gaps, and uncon-
strained outdoor scenes remains unverified. Moreover, as
with all person re-identification systems, OV-RelD presents
clear dual-use risks and therefore requires legally authorised,
transparent, and privacy-conscious deployment.
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