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Abstract

High resolution aerial imagery contains objects that are very small relative to the frame. The standard fix,
slicing aided inference, cuts the frame into overlapping tiles and merges boxes with non-maximum
suppression, which produces seam duplicates. A single full resolution pass avoids this but its activation
memory grows with frame area and does not fit on embedded accelerators. We present TileFusion, an
inference method that detects at native resolution within a fixed, frame-size-independent memory budget.
TileFusion partitions the frame into disjoint valid regions, crops each with a halo sized to the detector's
receptive field, and keeps only detections whose center falls inside the valid region. Because regions
partition the image, the merge needs no suppression and produces no seam duplicates. With a halo at least
as wide as the effective receptive field, each tile reproduces full-image features, so no retraining is required;
the only deviation from a full pass is at the suppression step, measured below 0.0015 mAP. On 4K drone
imagery, TileFusion matches full-pass accuracy within 0.001 mAP at 2.4 times lower peak memory. On
satellite scenes up to 16 megapixels, a downscaled pass reaches only 0.31 mAP versus 0.81 for a native pass,
and TileFusion matches the native pass at 3.7 times lower peak memory. TileFusion is a drop-in wrapper
around a stock YOLOV8 detector using only standard operators.
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1. Introduction

Unmanned aerial vehicles and satellites produce images at very high resolution. A single drone frame
often reaches 4K, and satellite survey scenes reach 16 megapixels or more. The objects of interest in
these frames, such as vehicles and pedestrians, are small. A car in the xView satellite dataset
measures about 15 to 40 pixels in a scene of up to 4990 by 3324 pixels at 0.3 meter ground resolution,
which is a small fraction of the frame width. Object detectors such as the YOLO family are trained
and run at a fixed and comparatively small input side, usually between 640 and 1280 pixels [1]. They
are not trained at native multi megapixel resolution, because the compute and memory cost would
be too high. This mismatch between the native frame size and the detector input side creates a
problem. The most common response is to downscale the whole frame to the detector input side and
run one forward pass. This is cheap and uses little memory. However it destroys small objects. A 20
pixel car downscaled from a 5000 pixel scene to 1280 pixels becomes about 5 pixels and falls below
the detectable limit. The standard accuracy fix is slicing aided hyper inference, known as SAHI [2].
SAHI cuts the frame into overlapping tiles, runs the detector on each tile, and merges the per tile
boxes with a suppression step known as non-maximum suppression. It improves small object
accuracy and needs no retraining of the base detector, which is why it is widely used. SAHI has three
practical costs. It runs the whole network on every tile. Its tiles overlap in pixel space, so border
regions are computed more than once. It merges boxes with suppression to reconcile objects that
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straddle a tile seam. The other option is a single forward pass at native resolution. This preserves
accuracy because no detail is lost. However the activation memory of one forward pass grows with
the frame area. On an embedded accelerator this memory does not fit. The platform that captures
the imagery is therefore the platform that cannot run the accurate method. Our deployment target
is a drone that carries an NVIDIA Jetson Orin Nano with 8 GB of unified processor and graphics
memory. On this device the binding resource is the peak activation memory of a single forward pass,
not the number of weights or the number of floating point operations. If one frame transiently needs
more than the free unified memory, inference cannot run at all. The practical problem is therefore
narrow. We want to detect small objects at native resolution, at full pass accuracy, within a fixed
peak memory budget that does not grow with the frame.

The enabling observation is classical. A detection at a pixel depends only on an input
neighborhood the size of the receptive field around that pixel [3]. If we supply that neighborhood as
a halo, a tile can be processed on its own and still produce the same output as the full image [4].
Streaming convolutional networks turned this idea into tiled inference that is numerically equal to
the full forward pass, in order to fit multi megapixel images into memory [5]. That work targeted
image level classification on pathology slides and treated tiling as a training memory technique. It
did not address detection. We adapt the equivalence to detection and combine it with a valid region
assignment rule, so that the tiles cover the image without overlap and the merge step needs no
suppression. We call the resulting method TileFusion. TileFusion is a drop-in inference wrapper
around a stock and already trained YOLOV8 detector. It runs the detector tile by tile with a receptive
field halo and keeps only the detections whose center lands inside the non halo region of the tile.
Inside each valid region the result matches a full image forward pass up to the suppression step, at a
peak memory that is bounded independently of the frame resolution. We summarize our
contributions as follows. First, we adapt exact receptive field tiling, known from overlap tile
segmentation [4] and streaming classification [5], to object detection, and we add a valid region
ownership rule for the merge. A detection is kept by the one tile whose valid region contains its box
center, so the per tile outputs are concatenated with no cross tile suppression and no seam duplicates.
This suppression free merge is what a detector needs and what the dense prediction and classification
settings do not. Second, we give a peak memory model that does not depend on frame resolution,
because sequential per tile execution bounds the peak activation memory by a single tile plus halo
forward pass, and we validate the model by direct measurement. Third, the method is a drop-in that
needs no retraining, because batch normalization folds into convolution at inference time, so feature
exact tiled detection runs on a pretrained model without fine tuning. Fourth, we characterize the
method on real aerial and satellite imagery, where we measure the trade-off between halo width and
the difference from a full pass, the relationship between memory and resolution, and a comparison
of downscaled and tiled accuracy on NTUT 4K and xView. We use small YOLOvV8 detectors and only
standard operators that export cleanly to common edge runtimes.

2. Related work

2.1 Slicing for small objects

SAHI established slicing aided inference and fine tuning as a model agnostic way to improve small
object accuracy [2]. It is the direct functional predecessor of our method. SAHI overlaps its tiles in
pixel space and reconciles the per tile boxes with a global suppression pass. This makes the result an
approximation of the full image detection. An object that straddles a tile seam can also produce two
boxes that the suppression step then has to remove. TileFusion replaces the overlap and suppress
merge with a valid region partition. It can be read as SAHI with a suppression free merge and a
memory bound, where the fixed pixel overlap is replaced by a partition and a center based ownership
rule.



Cluster and crop detectors reduce wasted tiles by cropping object dense regions [6, 7, 8, 9, 10].
They still run a separate forward pass per region and still merge boxes. They reduce compute on
sparse scenes. They do not provide a memory bound that is independent of resolution. Tiled detectors
for remote sensing and large microscopy images follow the same pattern of a fixed pixel overlap with
a global suppression to reconcile the seams, so they remain approximate and bound memory only
on the order of one tile, not exactly by it. Our merge differs in that the tiles cover the image without
overlap and each detection is owned by one tile, so no suppression is run across tiles.

ESOD is the closest detection side slicing alternative [11]. It trains a feature level object seeking
module on backbone features, then slices only the foreground clusters and detects on them. ESOD
therefore requires training and is not a drop-in inference wrapper. It is content adaptive and
approximate, so any object the seeker misses is lost. It optimizes compute by skipping background,
and its object seeking runs on full image features, so its peak memory is reduced but still scales with
frame area. TileFusion works on a different axis. It is free of retraining, it is content agnostic because
it never drops a region, and it is feature exact because of the receptive field halo. Its contribution is
a hard peak memory bound. The two methods are complementary. An ESOD style seeker could run
inside a TileFusion tile to skip empty tiles.

2.2.  Tiled inference equal to a full pass

Streaming convolutional networks process multi megapixel images tile by tile while remaining
numerically equal to the full forward pass [5]. They compute the receptive field overlap needed to
reconstruct intermediate activations. This is the exact property TileFusion relies on. Streaming
networks were built for memory limited training on gigapixel pathology images with image level
labels. Their documented difficulty is batch normalization over partial feature maps during training.
The overlap tile strategy of U-Net earlier established seamless tiled dense prediction by giving each
tile border context [4]. Effective receptive field analysis gives the basis for sizing the halo, because
the effective field is much smaller than the theoretical one [3].

These works supply the equivalence mechanism and the halo principle, and TileFusion inherits
both. None of them address detection, where the per tile outputs are sparse boxes rather than a dense
map and a naive union double counts objects at the seams. The new ingredient is the merge. A valid
region partition and a center based ownership rule remove the cross tile suppression, which a
classifier and a dense predictor never need but a detector does. None of these works address
detection, a merge without suppression, an edge memory budget, or a wrapper that needs no
retraining.

2.3. Detectors and edge constraints

YOLOV8 provides fast single stage detection with a cross stage backbone, a path aggregation neck,
and a decoupled head [1, 12, 13]. TileFusion wraps the detector from the outside and does not depend
on the exact backbone, as long as the receptive field is bounded. We demonstrate it on YOLOv8 and
do not claim a validated result on other detectors. A detector with image global attention has an
unbounded receptive field and would need a wider halo, which we return to in the discussion. Small
object YOLO variants add high resolution heads or attention [14, 15]. These are orthogonal to our
method and can be combined with it. Edge detection benchmarks report that memory and processor
side post processing, not raw backbone operations, are the binding constraints on small accelerators
[16, 17]. This motivates a design that puts memory first and avoids suppression.

3. Problem statement

Let an input frame be a tensor



I e R?’XHXW, (1)

where the first dimension holds the three color channels, H is the frame height in pixels, and W is
the frame width in pixels. A ground truth annotation is a set of labeled boxes

G={(by, ¥y}, (2)

where m is the number of annotated objects, b;=(x;, y;, w;, h;) is the i-th box given by its center
coordinates x; and y; and its width w; and height h;, and y; € {1, ..., N.} is the class label of the ith
box among N, classes. A detector is a function with parameters 6

fe:R3xH’xW’ - D, (3)

where 6 are the trained weights, H' and W' are the height and width of the detector input, and D is
the set of predicted detections. Each detection is a triple (b;, y;, p;), where b; is a predicted box, y; is
its class, and p; € [0,1] is its confidence. The detector is trained at a fixed input side s, so its feature
statistics are calibrated for inputs near s X s.

At inference a frame larger than the input side is resized to the input side. Resizing applies a scale
factor

L (4)
p= max(H,W) =1

where p is the resize scale and s is the detector input side, so an object of native pixel size o becomes
po after resizing. There exists a detectability threshold z, a few pixels set by the network stride and
the anchor geometry, below which an object cannot be detected. Downscaling loses every object
whose resized size po is below T, that is every object whose native size satisfies

tmax(H, W) ()
—

o

For an xView car o = 20, s=1280, and max(H,W) = 5000, so po = 5.1, which is below 7. The
downscaled accuracy on the smallest input side is reported in the experiments and is far below the
native pass.

An alternative is to run the detector at native resolution. Let M(-) denote the peak activation memory
of a forward pass. For a convolutional network the dominant intermediate tensor at level £ has shape
(Cp, H/sp,W/sp), Where C, is the channel count at level £ and s, is the cumulative stride at level ¢,
and it occupies C,(HW/s?)b bytes, where b is the number of bytes per element. The peak memory
of the native pass is therefore

Mgy (H, W)=Mg+aHW, (6)



where My is the fixed memory of the weights and the workspace, about 22 MB for the small YOLOv8
model, and « is the per pixel activation cost

(7)

?
a=bmax—,
£ s{,

in which b, C,, and s, are as defined above and the maximum is taken over the network levels. The
term aHW grows with the frame area. On a device with memory budget B the native pass runs only
if M1 < B, that is onIy if

B—M
HW < — o (®)

where B is the available memory and the other symbols are as above. This is a hard upper bound on
the native resolution that a device can process. Beyond it the native pass cannot execute. The native
pass also defines the accuracy ceiling, which we write as AP*=AP(fy (1)), the average precision of
the detector applied to the full frame.

The behavior of a tile depends on the receptive field of the network. For a feed forward convolutional
network the receptive field radius and the jump compose layer by layer as

rp=rp_1+dp(ke — 1)je—1,je=je-15¢ )

where 1, is the receptive field radius at level ¢, j, is the jump at level £ which is the spacing in input
pixels between adjacent output positions, k, is the kernel size, s, is the stride, and d, is the dilation,
with the initial values ry=1 and j,=1. At branch and concatenation nodes we take the path of
maximum radius. The output of the detector at a location p depends only on the input pixels inside
the ball B(p, r) of radius r centered at p, where r is the receptive field radius at the detection layers.

The slicing baseline SAHI partitions the frame into tiles {T}} of size s x s with stride s(1 — w),
where Ty, is the kth tile and w € [0,1) is the overlap fraction between neighboring tiles. The output
is

NMS(Uor (5 (Ti)), (10)

where fy (T} ) are the detections in tile k, the operator g, shifts those detections from tile coordinates
to global frame coordinates, the union gathers the shifted detections of all tiles, and NMS is the non-
maximum suppression that removes duplicates. The peak memory of this baseline is on the order of
s2. Its redundant compute grows as (1 — w) ™2, since smaller stride means more tiles. An object that
spans a seam appears in two or more tiles, so duplicates are removed only by the suppression step.
In general the accuracy of this baseline satisfies APsa; < AP*, because a fixed pixel overlap does
not guarantee equality to a full pass.

We can now state the goal precisely. We seek an inference operator @ that maps a frame to a set
of detections and meets three requirements. The first requirement is feature exactness, meaning that
at a sufficient halo the per location features and decoded boxes of @ match those of f, (1), so its
accuracy equals the ceiling AP* up to the suppression step. The second requirement is bounded
memory, meaning that the peak memory of @ is on the order of (s+2h)?2, where h is the halo width,
and does not depend on H and W, which removes the native resolution cap. The third requirement



is a merge without a heuristic, meaning that the output of @ needs no cross tile suppression and
produces no seam duplicates. A solution should also keep the compute within a small factor of the
native pass. Each existing practice fails at least one requirement. Downscaling fails the first
requirement, because it loses small objects. The native pass fails the second requirement, because its
memory grows with the frame area. SAHI fails the first and third requirements, and it bounds
memory only in an approximate sense.

4. Proposed approach

TileFusion is an inference method. It wraps a stock detector and changes only how the frame is fed
to it and how the outputs are collected. The frame is divided into valid regions that cover the whole
image without overlap. Each region is cropped together with a halo whose width is set by the
receptive field of the detector. The complete detector runs on each crop in sequence, and a detection
is kept only if its center lies inside the valid region of its tile. The kept detections are shifted to global
coordinates and concatenated, with no suppression across tiles. When the halo is at least as wide as
the receptive field, the collected output matches a single native pass up to the suppression step, and
because the tiles run one at a time the peak memory is set by one tile rather than by the whole frame.
The following subsections give the details. Figure 1 shows the crop, detect, and merge pipeline on a
real scene and Figure 2 isolates the center-ownership rule at a seam..

Figure 1: TileFusion inference on a real xView scene; crop with a receptive-field halo, detect per tile,
and merge by center ownership.

Figure 1 shows the three steps of one tile. Left, the letterboxed frame is split into a grid of disjoint
valid regions, and one region (blue) is cropped together with a receptive-field halo (orange dashed).
Center, the full detector runs on that crop, and detections whose center falls in the valid region are
kept (green) while halo detections are dropped (red). Right, the kept detections are shifted to global
coordinates and concatenated, with no suppression across tiles.

4.1.  Valid region partition

We letterbox the frame to a square side N that is a multiple of the network stride of 32 and at least
max(H, W), where N is the padded side length. We use N=5024 for xView and N=3840 for NTUT
4K. The ground truth is mapped by the same scale and pad transform. We then divide the image
domain £2, which is the set of all pixel positions of the padded frame, into a grid of K=R x C disjoint
valid regions {V; }, where R is the number of rows, C is the number of columns, K is the total number
of regions, and V;, is the kth region. The regions satisfy

llng=.(2, VinVi=e(i # j), (11)

which states that the regions together cover the whole image and that no two regions share a
pixel. Region edges are placed on a 32 pixel grid, so each tile is a valid network input and the tiles
meet with no fractional pixel seams.



4.2. Halo crop and full forward pass

For each region we crop the valid region grown by a halo k and clipped to the frame

Ce=Vi @ Br) N1, (12)

where Cj, is the crop for region k, By, is the halo of width h pixels, the operator @ grows the region
by that halo on every side, and the intersection with 2 clips the crop to the frame. At frame borders
the crop is clamped, because the image edge is a real boundary that the native pass also sees, so no
padding is needed. We run the complete detector f, on each crop and decode to a set of boxes Dy, in
crop local coordinates, using the per tile suppression of the detector with a low confidence floor and
a high detection cap, where Dj, is the set of raw detections in tile k. TileFusion does not share shallow
layers across tiles. Each tile is an independent full forward pass.

This is simple and feature exact, at the cost of recomputing the shallow layers.

4.3.  Valid region assignment as a merge without suppression

We keep a detection if its center lies inside the valid region, then shift it to global coordinates

Dy={ox(d): d € Dy, c(d) € V}}, (13)
where Dy, is the set of kept detections from tile k, d is a detection in Dy, oy shifts a detection from

tile coordinates to global coordinates by adding the crop origin, and c(d) is the center of detection
d, given by

c(d)=(x1+x2/2,y1+Y2/2), (14)
where x; and x, are the left and right box edges and y; and y, are the top and bottom box edges.
The final output is the union over all tiles

DzL](JDk' (16)

where D is the set of output detections, formed with no global suppression. We assign a detection
by its center because the center is a single point and the valid regions partition the image, so the
center lands in exactly one region. A rule based on box area or on confidence would not give a clean
partition, because one box can overlap several regions and be claimed by more than one tile.

The center rule makes the map from a detection to its owning tile single valued. Each kept box is
emitted by one tile, so the union needs no cross tile suppression and has no seam duplicates. Two
adjacent tiles can still decode slightly different boxes for the same object near a seam, which is the
small difference we quantify in the next subsection. Figure 2 shows the rule at a seam.

4.4, Feature exactness

We state the equivalence as a feature exactness proposition, and we are careful about what it covers.
If h = r, where h is the halo width and r is the receptive field radius of the detector at the detection
layers, then for every position p inside a valid region V; the receptive field ball B(p, ) is contained
in the crop Cy, because the crop grows the region by at least r on every side. The feature map and
the decoded box at p computed inside the crop therefore equal the feature map and the decoded box
at p computed on the full frame, before any suppression.
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Figure 2: The merge by center ownership. Two adjacent valid regions A and B share a seam. Their
halos overlap, so an object on the seam is seen by both tiles. Its center lies in exactly one valid region,
here region A, so tile A keeps the box and tile B drops it, because for tile B the center is in the halo.
The kept boxes from all tiles are concatenated with no cross tile suppression. Since the valid regions
cover the frame without overlap, every center belongs to one tile, so the union has no seam
duplicates.

We keep only the boxes whose center lies inside V,, and take the union over the partition, which
reproduces the per location decoded boxes of the full frame. The proposition is about this
computation up to decoding. It is not a claim that the final detection sets are identical. The native
pass applies a single global suppression after decoding, while TileFusion applies suppression inside
each tile. The two agree for detections that do not overlap across a tile seam, which is the common
case. They can differ for overlapping detections near a seam. We measure this difference to be below
0.0015 mean average precision. We therefore call the method feature exact rather than exact. The
features and the per location decoded boxes match the full pass, and the final output differs only at
the global suppression step by this small measured term.

We size the halo to the effective receptive field and measure it, rather than reading a theoretical
value. The theoretical receptive field counts every input pixel that can in principle influence an
output, which is a loose upper bound that grows quickly with depth. The practically relevant quantity
is the effective receptive field, the region that actually influences the output, which is much smaller
and decays quickly with distance from the center [3]. A direct measurement of this effective field is
the right way to set the halo. We measured it on a controlled frame set at input side 1280 with a 2 by
2 grid. A halo of 256 pixels reproduced the native pass, with 92 of 92 detections matched at an overlap
above 0.95. A halo of 128 pixels gave 89 of 92. A halo of 64 pixels gave 80 of 92. The match rate rises
to full agreement as the halo grows. We also swept the halo from 256 to 640 pixels with the trained
detector on the NTUT 4K test set. The accuracy was flat across this range. This shows that a halo of
256 pixels already covers the effective receptive field on this data, so the per tile features match the
full pass. A small difference below 0.0015 mean average precision against the full pass remained at
every halo. This difference comes from the merge rule and not from the halo, as explained above.
We therefore report the method as feature exact at a halo of 256 pixels, with a small halo independent
difference from the global suppression of the full pass.

4.5. Bounded memory and compute cost

Tiles run one at a time and the intermediate tensors are freed between tiles. The peak memory is

Mpp=Mg+a(s+2h)?, (17)



where My is the peak memory of TileFusion, My is the fixed weight and workspace memory, « is
the per pixel activation cost defined earlier, s is the detector input side, and h is the halo width. This
value does not depend on H and W. The choice of tile side fixes the footprint for any frame size. The
ratio of the native memory to the TileFusion memory, when the activation term dominates, is

Mgy HW (18)

where the symbols are as above. On NTUT 4K the native pass uses 1820 MB and TileFusion uses 760
MB, a factor of about 2.4. This is smaller than the raw pixel ratio, because My is a fixed offset and
the border tiles are clamped to a smaller size. The model predicts a larger factor for the larger satellite
scenes of xView, where the native pass works on up to 16 megapixels while the TileFusion footprint
stays fixed by the tile size. The compute overhead against the native pass, with about K ~ HW/s?
tiles, is

FLOPSTF 2h (19)

=) 1 _— 2'
K FLOPSfull ( " S)

where 7 is the overhead factor, FLOPstr is the operation count of TileFusion, and FLOPsg, is the
operation count of the native pass. For h=256 and s=1280 the theoretical value is about 1.96. The
measured NTUT 4K overhead is about 1.6 times the operations and 1.4 times the latency, which is
lower than the theory because border tiles are smaller. TileFusion does not reduce compute or
memory below SAHI in general, since both are on the order of (s+2h)?. The benefit of TileFusion
over SAHI is exactness and a merge that needs no suppression and has no seam errors. The benefit
over the native pass is the memory bound at equal accuracy.

5. Datasets

We use two high resolution datasets with complementary roles, one airborne and one satellite. All
annotations are reduced to a single foreground class. Sample frames with ground truth are shown in
Figure 3.

5.1. xView satellite vehicle detection

xView contains 846 labeled satellite scenes at 0.3 meter ground resolution [18]. The scenes vary in
size from about 2576 by 2565 pixels to 4990 by 3324 pixels, with a median near 9 megapixels and a
maximum near 16 megapixels. The official validation and test labels are withheld, so we split the
labeled scenes ourselves. The annotations are axis aligned boxes over 60 classes. We keep the road
vehicle classes, collapse them to a single vehicle class, and drop buildings and other large or non road
classes. This gives about 254 thousand vehicle boxes over 721 scenes that contain at least one vehicle.
The vehicles are small, about 15 to 40 pixels at this ground resolution, so a scene downscaled to the
detector input side loses them. The scenes are dense, with a median near 350 vehicles per scene. We
make a seeded split by scene into 505 train, 108 validation, and 108 test scenes, so that no scene
appears in more than one split. Train and validation scenes are tiled at native scale into 1280 pixel
patches with 0.2 overlap, for 3557 train patches and 773 validation patches. Test scenes are kept in
their respective native resolutions.
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Figure 3: Sample frames with ground truth boxes. Left, an xView satellite scene with vehicles. Right,
an NTUT 4K drone frame with people. The targets occupy a small fraction of the frame in both cases.

During training we cap each image to 500 boxes by an even subsample, because the densest scenes
carry up to 7618 boxes and the loss target assigner then allocates a tensor of shape batch by boxes
by anchors that exceeds the training memory. The cap applies only to the labels the loss reads at
training time. The reported validation and test metrics score against the complete uncapped ground
truth, so the accuracy numbers are not affected by the cap. This dataset is the case where the frames
are largest, so the native pass strains the memory budget, and where downscaling loses the small
vehicles. It carries the large image memory result together with a small object accuracy comparison.

5.2. NTUT 4K drone human detection

NTUT 4K contains drone footage of people at 3840 by 2160 pixels, about 8.3 megapixels [19]. It has
8 disjoint flights, 4 for training and 4 for testing. The labels mix person identities and actions, and
about 20 percent of boxes carry several tags. These are identity and attribute labels, not detection
classes. We collapse them to a single person class and remove duplicates. At native resolution the
people are medium sized, not tiny. The train median person measures about 53 by 101 pixels and the
test median about 58 by 140 pixels. No box is below 32 pixels at native resolution. The accuracy
pressure comes from downscaling. At 640 pixels the median person height falls to between 15 and
23 pixels, which is small but recoverable at higher input sizes.

To control for leakage we use a true train, validation, and test split over unseen data, hold out an
entire flight as validation, and subsample redundant video frames. After subsampling we obtain 467
training images with 6756 boxes from 3 flights, 246 validation images with 1913 boxes from the held
out flight, and 162 test images with 1315 boxes from the test flights. Density varies sharply by flight,
which gives a realistic and non uniform deployment distribution. A viewing angle gap between near
top down and oblique flights makes cross flight test accuracy lower than in flight validation. This
dataset carries the memory at scale result and a hard generalization test. Its medium object sizes
show that the memory benefit does not depend on object size.

6. Experiments

6.1. Protocol

We use YOLOVSs pretrained on COCO and fine tuned on native scale crops. Experiments run on a
single NVIDIA RTX 5070 Ti using Ultralytics 8.4.75, PyTorch 2.12.1, and CUDA 13.2. We report
COCO mean average precision at the 0.5 to 0.95 range and at 0.5, computed with aspect preserving
letterbox. A square resize halves the reported accuracy on 16 by 9 frames, so it is avoided. The
confidence operating point for precision, recall, and F1 is tuned to maximize F1 on the validation
split and is applied to the test split. We use a consistent detection cap across methods, raised to 5000
for dense scenes with a confidence floor of 0.001 and an loU threshold of 0.7, so that single pass



methods are not starved relative to per tile slicing. The peak memory is the peak activation working
memory of one streamed frame, which is the quantity that must fit in the unified memory of the
target device.

The base detector trains for up to 300 epochs at batch size 4 with early-stopping patience 50, using
SGD with base learning rate 0.01, cosine decay to a factor of 0.01, momentum 0.937, weight decay
0.0005, and 3 warmup epochs, with standard YOLOvV8 augmentation, converging on the validation
split. We average results over three seeds (42, 520, 888) for both datasets. We measured the trade-off
between halo width and the match to the full pass on a controlled frame set. A halo of 256 pixels
reproduced the native pass. Smaller halos reduced the match rate, as reported in the previous section.
We use a halo of 256 pixels in all later experiments.

6.2. Result on xView

Table 2 reports the comparison on the full native xView test scenes, under the same protocol and
metrics as the NTUT 4K experiment and a seeded split by scene.

Table 2
xView results, YOLOVSs, full native test scenes, mean over three seeds. The validation column is the
held out validation scenes.

Val Test
Method mMAP50  mAP50  Test mAP50:95 F1 Latency GMACs  Peak memory
Downscale@ 0.013 0.019 0.005 0.070 9.9 14 103 MB
640px
Downscale@ 0.119 0.160 0.039 0.275 10 32 155 MB
960px
Downscale@ 0.259 0.314 0.086 0.419 14 57 246 MB
1280px
Native 0.793 0.804 0.334 0.781 221 876 2793 MB
Full SAHI [2] 0.788 0.798 0.332 0.778 297 1422 657 MB
TileFusion 0.795 0.806 0.335 0.780 335 1494 759 MB

This is the dataset where the accuracy gap is largest. A downscaled single pass reaches only 0.019
mean average precision at an input side of 640 pixels and 0.314 at 1280 pixels, because the vehicles
fall to a few pixels when a scene of up to 16 megapixels is reduced to the detector input side. The
native pass recovers the small vehicles and reaches 0.804. TileFusion reaches 0.806. The 0.002
difference from the native pass is within the spread between the two seeds, so we report TileFusion
as a match to the native pass and not as an improvement over it. It reaches this accuracy at 759
megabytes against 2793 megabytes for the native pass, a factor of about 3.7. The native pass at 5024
pixels runs in 2793 megabytes, which confirms that the evaluation uses inference memory only and
does not fall back to the processor. SAHI is lower at 0.798, a gap larger than the seed spread. SAHI
reconciles boxes that straddle a seam with a global suppression, and some seam related discrepancies
remain in our measurements. The two seeds agree within 0.002 mean average precision on every
method. The held out validation scenes follow the same pattern, where the native pass reaches 0.793,
TileFusion reaches 0.795, SAHI reaches 0.788, and the downscaled passes collapse to 0.013 at 640
pixels and 0.259 at 1280 pixels. Figure 4 shows the seam behavior at native resolution, where SAHI
reports two boxes for a vehicle that straddles a slice seam while TileFusion reports one.



Figure 4: Behavior at a tile seam on three xView test scenes, one per row, cropped to native
resolution. The dashed line marks a SAHI slice seam. The magenta vehicle straddles that seam. SAHI
splits it across two adjacent slices and its global suppression keeps both, so it reports two boxes for
one vehicle (badge), while the ground truth and TileFusion each report one. Away from the seam the
methods agree, shown by the surrounding detections in green for ground truth, red for SAHI, and
blue for TileFusion. TileFusion assigns each detection to the one tile that owns its center, so it
produces no seam duplicate.

6.3. Result on NTUT 4K

Table 3 reports the NTUT 4K comparison over three seeds under a split with unseen training,
validation, and test data.

Table 3
NTUT 4K results, YOLOv8s, mean over three seeds, split over unseen data. The validation column is
the held out flight and the test column is the four held out flights.

Val Test Test
Method MAP50 mAP50 mAP50:95 F1 Latency GMACs  Peak memory
Downscale@ 0.554 0.138 0.038 0.230 9.9 14 340 MB
640px
Downscale@ 0.618 0.184 0.049 0.277 9.9 32 393 MB
960px
Downscale@ 0.686 0.223 0.062 0.314 12 57 465 MB
1280px

Native 0.672 0.189 0.057 0.271 126 512 1820 MB



Full SAHI [2] 0.620 0.177 0.053 0.248 189 910 650 MB
TileFusion 0.665 0.189 0.057 0.271 181 821 760 MB

TileFusion matches the native pass on the accuracy metrics, with a difference below 0.0015 mean
average precision in the three seed mean, while it uses about 2.4 times less peak memory. A halo
sweep from 256 to 640 pixels left this difference unchanged. This shows that the halo already covers
the effective receptive field and that the small difference comes from the merge rule rather than from
the context. The valid region assignment suppresses overlapping boxes inside a tile but not across a
seam, so a few detections near tile seams that the global suppression of the full pass would remove
are kept. SAHI scores below both, with a lower mean average precision and a lower F1. SAHI
reconciles seam boxes with a global suppression, and some seam related discrepancies remain in our
measurements.

On this dataset the people are medium sized, so the frame can be reduced to 1280 pixels without
losing them, and the downscaled model trained at 1280 reaches a mean average precision of 0.223
that even exceeds the native pass at 0.189. Native resolution tiling therefore gives no accuracy
advantage here, and the value of TileFusion on NTUT 4K is the fixed memory budget rather than
higher accuracy. The low absolute numbers reflect cross flight generalization rather than under
training. On the held out validation flight, where the data is in distribution, the same methods reach
a mean average precision of 0.672 for the native pass, 0.665 for TileFusion, and 0.620 for SAHI, and
the models converge with early stopping.

TileFusion targets one operating point: large frames, small objects, and a fixed memory budget,
as on an NVIDIA Jetson Orin Nano or Rockchip RK35xx mounted on the capturing platform. Here
the native pass is the only accurate option and also the one that does not fit, while downscaling loses
the objects. TileFusion reaches native accuracy within budget, with benefit growing with the frame-
to-input ratio and object smallness. xView is the clearest case (16 MP scenes, 15-40 px vehicles):
downscaling reaches 0.31 mAP against 0.81 for native resolution or TileFusion. On NTUT 4K,
medium-sized people mean downscaling already suffices, so the accuracy benefit is small while the
memory bound still holds. Near the detector's native input size, a single pass is best. TileFusion and
SAHI both bound peak memory via tiling, but differ in guarantees: SAHI's overlapping tiles and
global suppression can double-count seam objects and require processor-side suppression.
TileFusion's receptive-field-sized margin and single-tile ownership keep features exact and need no
suppression. TileFusion can be slower than SAHI on desktop GPUs, and finer grids recompute more
halo, but desktop latency is not the deployment-deciding metric, fixed peak memory and eliminating
processor-side suppression are. ESOD [11] is the closest learned alternative, trading training and
possible missed detections for reduced (not bounded) memory via full-frame feature seeking.
TileFusion needs no retraining, never drops a region, and bounds memory exactly by tile size, the
two are complementary. It uses only standard operators, and for a fixed tile grid and halo the per-
tile loop exports as a single static ONNX graph that survives export to TensorRT. Future directions
are on-device latency benchmarking, an extension to global-attention detectors such as RT-DETR
[21], where the receptive field is unbounded, and an automatic procedure for selecting the halo and
grid from a stated memory budget and a measured receptive field. TileFusion also fits into a broader
onboard UAV autonomy stack, as it shares compute with navigation pipelines requiring noise-robust
filtering [20], grid and halo selection under competing accuracy-memory-compute objectives is itself
a multicriteria optimization problem [22]. Navigation equipment further constrains the shared
compute envelope [23], within which other onboard models, such as flight-variable forecasting [24]
and automated neural architecture search [25] might run alongside detection. Integrating TileFusion
into this stack is left for future work.



7. Conclusion

We presented TileFusion, an inference method for small object detection in high resolution images
under a fixed memory budget. TileFusion divides the frame into valid regions that cover the image
without overlap, crops each region with a receptive field halo, runs a stock detector on the crop, and
keeps the detections whose center lies inside the valid region. The valid region assignment removes
cross tile suppression and the seam duplicates it causes. The receptive field halo makes each tile
reproduce the features of a native pass, so no retraining is needed. Sequential execution bounds the
peak memory independently of frame resolution. On 4K drone imagery TileFusion matched the
native pass accuracy to within 0.001 mean average precision at about 2.4 times lower peak memory.
On 16 megapixel satellite scenes a downscaled pass reached only 0.31 mean average precision while
the native pass and TileFusion reached 0.81, and TileFusion held this accuracy at 3.7 times lower
peak memory. TileFusion matches native pass accuracy without suppression and within a fixed
memory budget, and it works as a drop-in wrapper around an existing detector.
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