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Abstract

Autonomous highway driving, especially for long-haul
heavy trucks, requires detecting objects at long ranges be-
yond 500 meters to satisfy braking distance requirements
at high speeds. At long distances, vehicles and other criti-
cal objects occupy only a few pixels in high-resolution im-
ages, causing state-of-the-art object detectors to fail. This
challenge is compounded by the limited effective range of
commercially available LiDAR sensors, which fall short
of ultra-long range thresholds because of quadratic loss
of resolution with distance, making image-based detec-
tion the most practically scalable solution given commer-
cially available sensor constraints. We introduce Tele-
scope, a two-stage detection model designed for ultra-long
range autonomous driving. Alongside a powerful detec-
tion backbone, this model contains a novel re-sampling
layer and image transformation to address the fundamen-
tal challenges of detecting small, distant objects. Telescope
achieves 76% relative improvement in mAP in ultra-long
range detection compared to state-of-the-art methods (im-
proving from an absolute mAP of 0.185 to 0.326 at dis-
tances beyond 250 meters), requires minimal computational
overhead, and maintains strong performance across all de-
tection ranges. Qur project page is available at \https :
//1light.princeton.edu/telescopel

1. Introduction

Autonomous driving requires perceptual understanding of
the surrounding scene [48l |55]. Existing datasets and
benchmarks focus heavily on city driving [3} 16} [10} [15} 20,
411 147], where low vehicle speeds require short-range per-
ception.

Highway driving, and in particular heavy-duty trucking,
presents a fundamentally different challenge. At highway
speeds, a fully-loaded truck requires on the order of 150—
200m to come to a complete stop [[16]. Existing bench-
marks often provide limited sensing horizons around 80—
100 m, which is insufficient for safe braking and strategic
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Figure 1. Long-range Objects in Driving Datasets. Analysis of
the TruckDrive [16] dataset shows the distribution of object dis-
tances and the breakdown of the pixel-wise composition of objects
at each distance. While all object ranges are equally represented
in images, the proportion of pixel area disproportionately favors
nearby objects, with long (150 — 250m) and ultra-long (> 250m)
objects occupying only a small fraction of image pixels.

maneuvers such as merging or lane changes. As a result,
safe highway autonomy requires reliable perception at hun-
dreds of meters, and up to the kilometer scale for full vi-
sual scene understanding [16]]. We study ultra-long range
object detection in TruckDrive [16] which provides annota-
tions up to 1 km. From this dataset, we identify three major
challenges for ultra-long range detection. First, active Li-
DAR and radar measurements become increasingly sparse
and low in signal at long distances —fundamental to the se-
quential scanning and quadratic intensity falloff of diffuse
reflections—making cameras the only sensing modality that
can provide dense spatial coverage at hundreds of meters.
Second, ultra-long range objects project to extremely small
bounding boxes. In these datasets, objects beyond 250m
frequently occupy only tens of pixels. Consequently, the
number of resolvable visual features on distant objects is di-
rectly limited by the input image resolution. Third, there is
an extreme scale imbalance between objects, where nearby
objects and background regions dominate the pixel budget
and ultra-long range objects contribute only a negligible
fraction of tokens or patches (Figure ).

Figure [I] illustrates this imbalance, where images in
TruckDrive contain both nearby and distant objects. No-
tably, distant objects represent a fraction of the image fea-
tures compared to nearby objects. This distribution imbal-
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ance highlights that ultra-long range detection is not only strategies are most effective under constrained ne-tuning

a long-tail data problem, but also a fundamental represen- budgets.

tational problem caused by extreme scale disparity within ¢ A novel learnable and invertible hyperbolic foveation im-

individual images. age transform and associated Riemannian bounding box
Detection methods must therefore ef ciently process reparameterization for ultra-long range domain scaling.

high-resolution images with minimal latency and memory * A state-of-the-art ultra-long range object detection model,

usage in order to capture objects at long range. We argue the Telescope, for highway driving, which improves object

detection mechanism should therefore avoid the quadratic detection performance by 76% at ultra-long ranges com-

complexity of standard self-attention, which becomes pro- pared to existing methods (increasing absolute mAP from

hibitive at high resolutions and dilutes attentibh([5} 60]. Fi-  0.185 to 0.326 at distances beyond 250 meters).

nally, the model requires an explicit resampling mechanism

that magni es distant objects while shrinking nearby ones, 2. Related Work

normalizing object scale to facilitate learning [22]. i i L
) . Object detection has been a cornerstone application of
To address these requirements, we introduce Telescope

a two-stage ultra-long range detection method with an ap_r'nodern deep learning-based computer vision over the past

plication to autonomous highway driving (Figdire 2). In the decadel[o8, 61]. T_he auto_nom_ous d“"”_‘g domain, in pfirt'c'
. . ular, has spurred innovations in detection methods tailored
rst stage, we learn an image transformation called the hy-

. . . . S . to the unique challenges of on-road perception([29, 36]. We
perbolic foveation, which magni es salient image regions. . . X
This transformation interpolates between the Poibdtisk present a review of relevant work for object detection for au-

projection [40] and the identity function, inducing a Rie- tonomous driving, small object detection, and learned spa-

: ; . tial transformations.
mannian space [24] where bounding boxes can be parame-

terized and learned, then re-projected to image space with
machine precision and no warping artifacts. Notably, this Object Detection for Autonomous Driving. Au-
transform is inspired by biological vision [21]. By learning tonomous driving has helped push the development of
the foveation parameters on down-sampled images, stagepecialized object detection benchmarks and methods.
one incurs minimal computational overhead. Prominent datasets include KITT[_[15], nuScenés [3],
The second stage applies the learned transformationVaymo Open Dataset [41], CityScapes|[10], and Argo-
to full-resolution images, which are then processed by aVverse [6,[47], which provide multi-modal sensor data
pre-trained foundation model encodéi [2,[4] B3| 34, 39] Primarily catered towards low-speed and city driving sce-
and lightweight Deformable DETR detection head][60]. narios. Early methods adapted general-purpose detectors
The pre-trained encoder enables fast convergence and rolike Faster R-CNNI[7,_36] and YOLO [35] to automotive
bustness across scales, while sparse sampling avoids thgontexts. More recent approaches leverage transformer-
quadratic cost and attention dilution of standard transform- based architectures, including DETR [5] and its variants
ers, making it well-suited for high-resolution inputs. While [11, 12, 25], which formulate detection as a set prediction
this two-stage approach is applied to the context of ultra- Problem. Deformable DETR [60] introduced sparse spatial
long range object detection for highway driving, the pro- sampling [50] to improve ef ciency and convergence for
posed foveated transform is general and can be appliechigh-resolution inputs. Methods like CenterNet [59] and
to existing image-based approaches, including Vision Lan- FCOS [43] explore anchor-free detection paradigms better
guage Models (VLMs). suited to the wide range of object scales in driving scenes.
Evaluated on long-range autonomous driving bench- Despite these advances, most benchmarks emphasize
marks, Telescope consistently improves detection perfor-UrPan driving scenarios at limited ranges [10, 41], leaving
mance across all distance ranges and achieves up to 7694!tra-long range highway detection under-explored.
improvement in mAP at ultra-long ranges over existing
state-of-the-art approaches (improving from an absolute Small Object Detection. Small object detection presents
mMAP of 0.185 to 0.326 at distances greater than 250m), withfundamental challenges stemming from limited pixel sup-
detections extending to 1 km. In summary, the contributions port [31], poor signal-to-noise ratios [23], and severe class

of this paper are: imbalance in high-resolution images [30, 46]. Standard
< An analysis of ultra-long range object detection and the detection architectures struggle when objects occupy few
identi cation of several critical model requirements. pixels due to metrics such as loU scaling poorly to small

« A systematic ablation of foundation model image en- bounding boxes [9, 18]. Methods addressing small objects
coders, detection heads, and training schemes for ultratypically employ multi-scale feature pyramids [17, 26, 53],
long range object detection, providing practical insights specialty losses [45, 52], super-resolution preprocessing [1,
into which backbone representations and optimization 27, 32], or attention mechanisms to enhance ne-grained



Figure 2. Telescope. We propose a two-stage ultra-long range detection model. Stage one uses a down-sampled image to estimate the
hyperbolic foveation image transformation parameters. This transformation enlarges distant objects at the center of the transform while
shrinking nearby objects at the periphery. Stage two uses this transformed image alongside learned hyperbolic embeddings to detect objects
at distances of up to 1km.

representations [7, 8, 18, 44]. 3. Ultra-Long-Range Detection

Datasets like TinyPerson [54], AI-TOD [51], and In this section, we describe the proposed ultra-long range
DOTA [49] focus speci cally on small object scenarios, pri- detection method, Telescope, as shown in Figure 2. We rst
marily in aerial imagery and crowd surveillance contexts. introduce the hyperbolic foveated transform in Sec. 3.1 as a
However, these datasets either contain only small objectsmeans of normalizing object sizes across scales. This trans-
[49, 51] or tend to have limited variance in object sizes form magni es distant objects while compressing nearby
within individual images [54]. In contrast, object sizes vary ones and ensures minimal computational overhead. In
signi cantly in autonomous driving, where nearby vehicles Sec. 3.2, we describe the parameterization of the bound-
may occupy orders-of-magnitude more pixels than distanting boxes in this transformed space. Finally, we describe
vehicles [16]. a network architecture in Sec. 3.3 to ef ciently operate on

these high-resolution transformed images, enabling object
detection at distances of up to 1km.

3.1. Hyperbolic Foveated Transform

Learned Spatial Transformations. While some ap- |etM=fx 2 R 2 : kxk < 1g denote the Poincér disk
proaches focus on network architectures and loss functionsequipped with the standard metric tensof.dBirectly pro-
tailored towards the small object domain [13, 17, 18, 45, jecting an image with nite domain onto M is undesirable
56], other methods re-sample the image directly to magnify since the metric diverges as kxk ! 1, causing unbounded
or warp high salience regions. Spatial Transformer Net- gistortion and numerical instability near the image bound-
works [22] introduced learnable geometric transformations ary.

to warp input images for improveq spatial invariance. More 14 oyercome this issue, we de ne a pseudo-Riemannian
recently, FOVEA [42] extends this concept to autonomous p,qiection which radially interpolates between a Poigear

driving with a learned foveation that magni es distant re- jive contraction and the identity transform. Let normalized
gions for long-range detection. However, FOVEA requires image coordinates be x 2 [1;1] and let 0 2 [1;1]?

full-resolution images to estimate transformation parame- e the poincar origin projected into Euclidean coordinates.
ters and maintains axis-aligned bounding box representapae ne r = kx ok as the offset between the center of the

tions. Inspired by biological visual systems [21], our pro- image and the origin of the Poinéadisk. The Poincér
posed hyperbolic foveation differs by estimating parame- projection is given as

ters from low-resolution images by leveraging strong object

detection priors from the network encoder. Furthermore, tanh( r)

the proposed method directly estimates the warped bound- h(x;0) =0+ f(x 0); 1)
ing boxes in the local Riemannian coordinate frame without ] . .

requiring a rectilinear coordinate frame. This reparameter-Where > Qs the hyperbolic contraction strength.
ization enables more natural object representations in the The hyperbolic foveated transform is then de ned as
transformed domain without the geometric constraints of

axis-aligned boxes under non-linear transformations. (x) = (1 w(r))x+w(r)h(x); (2)



Figure 3. Hyperbolic Foveated Transform. The transformation
coef cients enable the re-parameterization of the bounding box in
the induced Riemannian space where the box center and tange
vector magnitudes fully describe the box location and shape.

Ifigure 4. gloU for Multi-Scale Training. The gloU metric is a
Detter training loss for multi-scale objects as it provides a gradient
even when bounding boxes are non-overlapping.

where w(r) = (1 min(r=R; 1)) P isthe radial interpolation
coef cient, p > Ois the xed blending exponent,andR >0
is the radial scale of the Poinéadisk. Forr R, be-
haves as a hyperbolic contraction around o, while forr R
it smoothly approaches the identity mapping. This enables
a numerically stable projection of images onto the induced
Riemannian manifold without unbounded distortion, mean-
ing objects near the boundaries of the image are still visible.
While the exact inverse of this transform! (x), can-
not be computed explicitly, its existence is provablBur- Figure 5. Learned hyperbolic foveated transform on the Truck-
thermore, we can approximate the inverse differentiably, up Drive dataset. The original image (left) and the foveated image
to numerical precision, and with convergence guarahtees (right) are shown, together with the percentage increase in object
via the Newton-Raphson algorithm. Giveny = (x), the  bounding-box area. Both views are cropped to the same image re-

inverse ' (y) is obtained numerically via gion, highlighting the local magni cation induced by the foveation
transform. The proposed transform is effective for both isolated
WD) Z 3 () 4 y (x (k)) ; 3) targets and dense, busy scenes.
initialized with X% =y and step size 2 (0;1]. The tangent vectors of the bounding box are computed

as
3.2. Hyperbolic Box Parameterization

When projecting images onto the induced Riemannian man- k=3 (c)[w;0F 4)

ifold, bounding boxes become warped, and axis-aligned, ty =J (c)[0;h]” (5)

recti-linear boxes can no longer be used. Akin to the 4-

parameter bounding box parameterization in axis-alignedwhere J (c) is the Jacobian of at c.

image-space coordinates, We propose estimating the local All the terms in the re-parameterization depend only on

coordinates of these warped boxes directly and provide athe original box parameterization and the transform parame-

4-parameter parameterization for boxes in the Riemannianters (; R; p; 0), and can therefore be evaluated analytically

manifold induced by Eq. (2). and vectorized ef ciently during training. This parameter-
Let a box be de ned in Euclidean image coordinates by ization is fully determined by (R; ;p;0) through J and

center ¢ 2 R, width w 2 R, and height h 2 R such that urjlquely speci es the local box geometry in the mQuced

b = [cx; ¢y; w; h]: The re-parameterized box in the induced R|emann|§n space. Furthermore, the o_nglnal boundln_g box

Riemannian space is theR® [ ,(c); y(c); ktxk; ktyk], parameterlzatlon can be recovered using (3) and by invert-

where the rst two components are the projected box centering (4) and (5).

a_nd the last two compon_ents are the tangent vector mag- 3 petection Network Architecture

nitudes of the local coordinates at (c). Notably, only the

tangent vector magnitudes are needed as the tangent vectotdigh-resolution images are needed to keep ultra long range

are fully de ned given the transform parameters. Figures 3 objects resolvable. As such, detection networks must scale

and 5 provides a visualization of this re-parameterization. favorably to image dimensions. To this end, we propose a
model architecture leveraging pre-trained foundation mod-

LSee Appendix for Theorem and Proof. els with existing ef ciencies baked in for optimal scaling




performance. Table 1. Ablation Experiments on the Components of Tele-

Foundation model encoders have been shown to beSCOPE: A de-noising training scheme helps improve model perfor-
strong object detection priors [2, 33, 39]. A variety of foun- mance and the hyperbollc_ fove_atlon Improves MAP at far, long,
dation model encoders were tested with both DETR and and uItra-!ong ranges while slightly reducing performance for
Deformable DETR detection heads, and we nd the opti- nearby objects. All rows use SAMS3 encoder.
mal model combination to be the SAM3 image encoder and ethod ‘ coco
a Deformable DETR detection head. MAP  MARso  MAPwiso  MAPisozso  MAPsor

Notably, the SAM3 image encoder uses windowed atten- Soeneeng 00 o v & (o oo byt
tion and sparse global attention to minimize the computa- _* fyperbolic Foveation
tional burden of processing high-resolution images [4]. The
Deformable DETR head shows fast convergence across all
encoders and better evaluation metrics than DETR heads
This is because DETR requires full self-attention at each de-
coder layer [5], which distributes attention across the expo
nentially growing image patch features while Deformable
DETR leverages sparse sampling [60].

050 (+0.18) 0.69 (+0.17) 0.48 (+0.14) 0.32 (+0.08) 0.29 (+0.12)
0,50 (+0.00) 0.61(-0.08) 0.50(+0.02) 0.34(+0.02) 0.33 (+0.03)

Following [56], we apply the de-noising training

scheme, where ground truth boxes are noised and concate-

nated to the prediction queries to more effectively learn box

“alignment. In this case the projected Riemannian boxes are
used as the ground truth anchors to align them with the pre-
dictions in Riemmanian space.

4. Implementation 5. Experimental Validation

Foveated Transform Parameters. The goal of the hyper-  \we evaluate the proposed ultra-long range detection frame-
bolic foveation is to magnify distant objects in the scene. To \york on the TruckDrive dataset [16], and conduct con-
this end, we must rst estimate where these objects are. Weyp|led ablations to isolate the impact of backbone encoders,
tram a small FFN using the output of the image encoder t0 getection heads, and the proposed hyperbolic foveated
estimate the center, o, and radius, R, of the transform. Aransform. Our evaluation focuses in particular on perfor-

low-resolution image is used (i.e., 256 256 or 512 512)  mance at long and ultra-long ranges, where existing detec-
such that the parameter estimation incurs minimal compu-jon pipelines degrade most severely.

tational overhead.

To set the other foveation parameter, we empirically de-
termine which values maximize the transformed bounding
boxes via grid search. For TruckDrive, the optimal parame-
tersare setas =2:0and p = 2:0.

Dataset and Metrics. As we are concerned with long
and ultra-long range object detection, we use the Truck-
Drive dataset which is currently the only dataset with an-

. . . notations at ultra-long range distances. Since these ranges
To compute the hyperbolic embeddings, we additionally exceed the reliable operating regime of LIDAR and radar,

traln_another FFN to_prOJet_:t the set of f(_)veatlon parame- object distances are estimated from bounding box height,
ters into the same dimension as the object queries. This

. . L . camera intrinsics, and class-speci ¢ average object heights.
provides the detection network with information about the P 9 ) g

; ‘ch bolic t f i h that the h An image resolution of 1024 1024 is used for all exper-
Image-spect ¢ Nyperbolic transtormation such that the ny= 4., 415 “\we follow standard object detection protocols and
perbolic box parameterizatior?, lzan be estimated. Exam-

: - report COCO-style mean average precision (mAP), together
ples of this learned transform are shown in Figure 5. with distance-wise mAP computed over four distance bins

(MAPy_s0m MAPso_150m MAP150_250m and mMAR2som).
Training Losses. The hyperbolic box parameterization We additionally report PASCAL-style mAP at loU thresh-
represents bounding boxes in the induced Riemannianolds of 0.5 and 0.75.
space. Unfortunately, de ning distance and area in this
space is non-trivial, making computing the losses between
the target and predicted boxes challenging in RiemmanianThis study provides an analysis of which foundation model
space. backbones and training schemes are most effective for ultra-

To overcome this challenge, the predicted boxes are pro-long range detection.

jected into Euclidean space where vanilla L1 and gloU Table 1 presents the ablation of the proposed Telescope
losses are computed. Notably, the iterative inverse (3), (4),pipeline. Absolute improvements are highlighted in bold.
and (5) are all differentiable and are thus amenable to back-Notably, the de-noising training scheme signi cantly im-
propagation. The gloU metric [37] is better suited for de- proves overall accuracy across all distance bins, con rm-
tection of ultra-long range objects as it provides a gradienting the utility of this approach for ne-tuning foundation
even when matched boxes do not overlap [9]. See Figure 4models [28]. While the foveated transform slightly de-
for a visualization of this phenomenon. grades performance at short distances, it consistently im-

5.1. Architecture Ablation Experiments



Table 2. Distance-wise Ablation Experiments of Encoder and Head. All models perform well for objects close to the ego vehicle,
but have degraded performance as distance increases. The proposed model using the SAM3 image encoder backbone, Deformable DETR
detection head, and denoising-based training to provide optimal performance, especially at ultra-long range distances and across all classes.

Method COCO PASCAL
mAP MARso  MAPso.1s0  MAPiso2s0 MAP2so+ | MAPsg  MAPs
DINOv2 + Deformable DETR| 0.186 0.432 0.208 0.108 0.042| 0.375 0.161
DINOv3 + Deformable DETR| 0.212 0.467 0.250 0.137 0.059 0.419 0.190
SAMS3 + Deformable DETR 0.317 0.523 0.344 0.244 0.171 0.521 0.329
SAMS3 + Denoising [56] 0.501 0.692 0.483 0.321 0.292 0.758 0.545

foveation, which magni es distant objects and compresses
nearby ones.

We next study the in uence of the image encoder, detec-
tion head, and training scheme on model performance. We
evaluate ve foundation model encoders, SAM3 [4], DI-
NOv2 [33], DINOv3 [39], and Perception Encoder [2], in
combination with both DETR [5] and Deformable DETR
[60] heads. To ensure a controlled comparison, all encoders
are frozen and only the detection heads are trained from
scratch for 12 epochs using identical hyperparameters. The
results are summarized in Table 2. DETR-based models
and models using the Perception Encoder consistently fail
to converge and are therefore omitted from further ablation

OFmalysis. In contrast, Deformable DETR yields stable train-

) ; ) . ; ing and substantially better performance across all distance
localizes distant vehicles that occupy only a few pixels, while pre- | inalv. the P ion E der backb d
serving accurate predictions for nearby objects. These exampleganges' nterestingly, the Perception Encoder backbone, de-

highlight the effect of the proposed hyperbolic foveated transform SPite being used internally by SAM3, also fails to converge
in magnifying ultra-long range regions and improving sensitiv- for both DETR and Deformable DETR heads when used

ity to objects in these ranges. Cut-outs provide a high-resolution, directly under the same training protocol.

zoomed-in region to more clearly visualize objects. Among the tested encoders, SAM3 provides the
strongest overall performance. This re ects the strong spa-

Table 3. Class-wise Ablation Experiments for Backbone and tial inductive biases inherited from large-scale segmentation

Head. Results for the TruckDrive dataset for each class for exist- pre-training. While DINOv2 and DINOv3 achieve compet-

ing state-of-the-art models as well as foundation model ablations. jtive results for several categories, their overall accuracy re-

Leveraging foundation models as pre-trained image encoders proymains lower under the same compute budget. Table 3 fur-

vides a strong prior for object detection comparable to state-of- y,ar shows the class-dependent behavior across foundation
the-art specialized models. The proposed model using the SAM3

image encoder backbone, Deformable DETR detection head, ancﬁgftggirns' eDd:el\slg'fr?sszlc'jl deg'ioggs teﬁgr;spgi?\ﬂ;shggg_
de-noising training scheme to provide optimal performance across P '. Iy ' .W -
all classes. coders favor vehicles and traf c signs. As the applica-

tion of this ultra-long range object detection network is au-

COCO mAP tonomous highway driving, this motivates the use of the

‘ Person Bike Sign Car Truck Debris  SAM3 backbone as it aligns with the application domain.
DINOV2 + Deformable DETR| 0.154 0302 0175 0302 0301 o092 Based on these results, we adopt the SAM3 encoder with a

Figure 6. Qualitative Visualization. Detections from Telescope
on the TruckDrive [16] dataset. Telescope consistently detects an

Method

DINOv3 + Deformable DETR| 0.149 0.304 0.222 0.345 0.334 0.120 Deformable DETR head in all Subsequent experiments'
SAM3 + Deformable DETR | 0.106 0.23¢ 0.415 0.459 0.442 0.245 o o
SAMB3 + Denoising [56] 0.330 0.436 0.617 0.631 0.596 0.451 We evaluate the denoising training scheme [56] and as-

sociated losses using the SAM3 image encoder. As shown
in Tables 1 2, and 2, de-noising improves detection accuracy
proves performance in the medium, long, and ultra-long across all distance bins and classes and is therefore adopted
regimes. Importantly, the proposed transform signi cantly Within the Telescope model.

reduces the performance gap between near and far distance Figure 6 presents qualitative examples showing that the
bins, producing a more balanced detector across spatiafull 2-stage Telescope model accurately detects objects at
scales. This behavior re ects the design goal of hyperbolic long and ultra-long ranges.



Figure 7. Qualitative Comparison. Qualitative comparison between the proposed method, Telescope, and state-of-the-art baselines.
Both RVSA [44] and RFLA [52] are specialized for small object detection while DETR [5] and DINO [56] are strong general object
detectors, but perform worse in long an ultra-long range object detection. Ground truth annotations are shown on the left. Zoomed-in
views corresponding to the red rectangles are provided to highlight detections at long and ultra-long range, where some objects reach up to

1km. All baselines are ne-tuned on the TruckDrive [16] dataset.
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