


Figure 9. Examples of images from our real-world datasets.( rst row) LINZ images containing small vehiclessgcond row LINZ
images without vehiclestt{ird row) UGRC images containing small vehiclefqrth ron) UGRC images without vehicles;

Figure 10.Comparison between cross-dataset generalization and within-dataset performanc&he purple bars represent the model
trained on the LINZ dataset and evaluated on the UGRC dataset, while the pink bars correspond to both training and testing conducted on
the UGRC dataset. We report the #Result.

ation direction, leading to outputs that do not align with the bounding box layout conditions. It often generates extrane-
provided edge and segmentation map conditions. As showrous cars outside the designated bounding boxes or omits
in Figure 15 (b), DoGE [58] frequently fails to generate cars within the expected bounding areas. These limitations
cars and surroundings in the precise locations correspondhighlight the challenges associated with ensuring diffusion
ing to the input LINZ image under the guidance of canny models faithfully adhere to spatial and semantic constraints
edges and semantic segmentation maps. Moreover, within conditioned image generation.

out netuning on UGRC images, DoGE fails to encode the

domain difference by modeling the average CLIP [41] im- C.3. Vision Large Language Models

age embedding difference and is unable to produce image
that accurately re ect Utah's landscape. Figure 15(c) illus-
trates that even after ne-tuning GLIGEN [25] on UGRC
data, the model frequently fails to comply with the speci ed

XWe evaluate the capabilities of Vision Large Language
Models (VLLMS) for car presence classi cation and center
localization (VLLMSs), as shown in Figure 11 and Table 3.
For classi cation, BLIP2 [21] generates captions based on
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Figure 11. VLMs captioning capabilities analysis tested on LINZ
and UGRC datasets.

the images while Kosmos2 [39] is prompted to complete
the sentence an aerial image of fg . We consider a model
to have predicted the presence of a car in an image if the
generated caption includes the word car. As shown in
Figure 11 (a), only 13.73% of the images predicted to con-
tain cars by BLIP2 are true positives in the LINZ dataset.
A similar trend is observed in Figure 11 (b), (c) and (d),
where the true positive rates for predicted car images are
38.59%, 7.18%, and 16.70%, respectively. Furthermore,
among all images that contain cars, only 52.38% are cor-

Accuracy F1 Score
100% 96.76%95.960% 217%08.40%  100%

Dataset
80% 80% - LINZ
. UGRC
o 60%
60% 48.68%
40% 40%
23.57% 24.65%
20% 20% .12.63% .
o o I
BLIP2 Kosmos2 BLIP2 Kosmos2
Recall Precision
100% 100%
83.15%
80% 80%
65.92% LLE0%
60% 0 60%
52383 47.02%
40% 40% 38.59%
20% 20% 16.70%
0% 0%
BLIP2 Kosmos2 BLIP2 Kosmos2

Figure 12. Two popular VLLMs (BLIP2 and Kosmos?2) tested as
zero-shot image car presence classi er. The severe imbalance of
the positive and negative classes causes the high levels of accuracy,
which is deceptive. F1 score, Precision and Recall metrics clearly
show that the classi cation quality is less than ideal.

rectly identi ed by BLIP2 in the UGRC dataset, as shown

in Figure 11 (c). A similar trend is observed in Figure 11
(d), where 47.02% of all images that actually contain cars
are correctly predicted by Kosmos2. Figure 12 supports that
VLLMs struggle to accurately detect cars in aerial imagery
by presenting the F1 score, Precision, and Recall metrics of
their classi cation performance.

For localization, we assess the detection performance of
VLLMs as shown in Table 3. Since VLLMs do not pro-
vide con dence scores for the predicted bounding boxes,
we de ne detection accuracy as the proportion of predicted
bounding boxes that achieve an Intersection over Union
(IoU) greater than 0.5 with at least one ground truth bound-
ing box. Based on this de nition, we compute precision and
recall, which are reported in Table 3. To establish pseudo la-
bels on the UGRC test set for our method, we set the detec-
tion threshold according to the highest F1 score achieved by
each detector on UGRC test set. Under this setting, VLLMs
exhibit signi cantly lower performance compared to our
method, often producing a large number of false positives
in aerial imagery. These ndings highlight the current lim-
itations of pre-trained VLLMs in accurately detecting and
localizing vehicles in aerial imagery.

D. More Implementation Details

D.1. Decision circle and Pseudo-bounding box label

In this section, we provide a detailed explanation for de n-
ing the pseudo-bounding box size to be 42.36 px. As illus-
trated in Figure 14 (b), any point p within the region en-



Figure 15. Failure cases of diffusion models. (a) Images generated by pre-trained Stable Diffusion V1.4. (b) Images generated by pre-
trained Stable UnCLIP [42] with canny edge maps, semantic segmentation maps, and average CLIP image embedding difference between
the LINZ and the UGRC dataset as conditions. From left to right: Real images from LINZ dataset, edge maps, semantic segmentation
maps, and synthetic images. (c) Images generated by GLIGEN. Left: Real images from the LINZ dataset. Right: Synthetic UGRC images.
The bounding boxes that have the same color in left and right images correspond to the same location.

Backbone Task Stagel | Stage2 | Stage3 D.2. Multi-Stage Training
bs Ir | bs Ir bs Ir

Faster-RCNN LINZ ! UGRC|1024 0.2 |192 0.02|512 0.2
Faster-RCNNDOTA! UGRC|1024 0.2 |192 0.001|1024 0.2
YOLOV5 |LINZ! UGRC|1600 0.001j192 0.00012400 0.001

YOLOV5 |DOTA! UGRC|2400 0.001/192 0.00012400 0.001 . . : . , ,
YOLOVE | LINZ! UGRGC 4096 0.001192 0.00011024 0001 N this section, we provide more details regarding the train-

YOLOV8 |DOTA! UGRC|4096 0.001/192 0.00012048 0.001 ing process of the detectors. As outlined in Sec. 3.3,
ViTDet |LINZ! UGRC| 192 0.001| 96 0.0001 192 0.001 the labeling of synthetic target domain (UGRC) images is
ViTDet |DOTA! UGRC| 192 0.0003 96 0.001] 192 0.0001  conducted in three stages. In the rst stage, we train a

. — detectorF S on fully annotated real source domain data
Table 4. Training parameters of each stage, where “bs” denotes thP(LINZ or DOTA) and subsequently generate pseudo labels
batch size and “Ir” denotes the base learning rate, which will be q ya p

scaled during training based on batch size following the MMDe- for the synthgtlc source domain images. In. the second

tection framework. stage, we train another detectef* on the multi-channel
cross-attention maps of synthetic source domain images
and use it to predict pseudo labels for the multi-channel
cross-attention maps of synthetic target domain images. Fi-
nally, in the third stage, we train a detectof on the syn-

. . ) thetic target domain images. For Faster-RCNN [44], we use
z_illty,_ we assume the predicted pseudo-bounding box centeih asnets50 [10] as backbone. For YOLOVS5 [14], we utilize
lies in th(?a1 rstxt)q(L;adre;nt. The Iol_J can then represented 8Sthe YOLOV5-M variant, while for YOLOVS [43], we em-
loU = =~ s yy- By setting loU= 0:5, we solve oy the YOLOV8-M variant. For ViTDet [24], we disable
for yintermsof Xx, treatinga as a constant, which can  the mask head. In all training stages, we scale the image
be represented asy = % We then integrate y resolution to128 px 128 px, as YOLOV5 requires input
with respectto x to compute the area under the isocontour dimensions to be multiples of 32. The speci c training pa-
of loU = 0:5, which is a function ofa. Finally we equate  rameters for each stage are provided in Table 4. Except
this integral to% of the area of the decision circle and solve for these adjustments, we adhere to the MMDetection [2]
for a. framework for implementation.




Backbone Ac+ Afg Ac+ Apg Ac+ Afg + Apg

YOLOV5[14]  63.7 65.5 68.8
YOLOV8[43]  69.1 73.1 75.4

Table 5. Comparison of different cross-attention map con gura-
tions for adaptation from LINZ to UGRC.

E. More Ablation Studies

In this section, we present two additional ablation stud-
ies to further validate the effectiveness of our proposed
pipeline. First, we investigate the impact of stacking differ-
ent combinations of cross-attention maps. Speci cally, we
compare our approach with alternative con gurations that
stack two channels of the object category cross-attention
mapA . and one channel from either the learned foreground
cross-attention mafy or background cross-attention map
Apg, ensuring compatibility with object detectors that ac-
cept only three-channel inputs. As shown in Table 5, inte-
grating both background and foreground information, as in
our method, yields the best performance insf\P

Second, we analyze the effectiveness of our two-stage
design, which rst ne-tunes Stable Diffusion [45] on both
source and target domain datasets, and then introduces
learnable tokens to extract cross-attention maps that cap-
ture both foreground and background information. We com-
pare this design with a one-stage baseline that jointly ne-
tunes Stable Diffusion and learns tokens simultaneously.
The two-stage setup is motivated by the limited localization
ability of unseen prompts in pre-trained Stable Diffusion
models when applied to aerial view images. For instance,
prompts such as “an aerial view image with cars in Utah”
often falil to localize vehicles, leading to inaccurate atten-
tion and suboptimal token learning. By rst ne-tuning the
model to better align the concept of “cars” with actual vehi-
cle locations, we enable subsequent token learning to more
precisely focus on relevant regions. Experimental results
show that the one-stage pipeline yields an 8.5% lowejpAP
on YOLOV5 [14] when adapting from LINZ to UGRC.



