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for feature extraction, the rest models employ two CNNSs for region proposal and feature extraction
respectively. Our model is better than the Faster RCNNSs, because the Faster RCNNs are alternatively
trained twice, but we train each CNN (VPN and VDN) only once. In practical application, detection
time is considered more. Due to the fact that detection systems always adopt the trained model and no
extra training cost during the detection phase.

Table 3. Comparison of detection time (fps: frames per second) and training time (h: hours).

Detection Model Image Size Detection Time Training Time
Faster R-CNN (Z&F) 1024 x 1024 5.8 fps 284h
Faster R-CNN (VGG-16) 1024 x 1024 5.4 fps 285h
Fast R-CNN (VGG-16) 1024 x 1024 0.4 fps 82h
SLIC with Z&F 1024 x 1024 5.6 fps 79h
SLIC with VGG-16 1024 x 1024 4.9 fps 82h
Our Model 1024 x 1024 4.5 fps 10.7 h
Faster R-CNN (Z&F) 512 x 512 6.3 fps 283 h
Faster R-CNN (VGG-16) 512 x 512 5.6 fps 28.6h
Fast R-CNN (VGG-16) 512 x 512 0.4 fps 8.1h
Our Model 512 x 512 4.6 fps 10.6 h

Figure 9 shows some detection examples of VEDAI 1024. Figure 9a,c,e,g,ik is the input images,
and the ground truths are annotated by yellow boxes. Figure 9b,d,f,h,j,1 is the detections annotated by
red boxes.

Figure 9. (a-1) some detection examples of VEDAI dataset.
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4.3. Munich Vehicle Dataset

The Munich vehicle dataset is an aerial imagery dataset captured by the DLR 3 K camera
system [50] over the area of Munich, Germany. It comprises of 20 aerial images which were mainly
taken from urban and residential areas. The original images in this dataset were taken at the height
of 1 km above the ground with the resolution of 5616 x 3744 pixels, and the approximate ground
sampling distance is 13 cm/pixel. Training and testing set include 10 images respectively.

We performed our model on the testing set and compared the performance with other two
RPN-based models (Faster R-CNN with VGG-16 and Faster R-CNN with Z&F). In the training process,
we firstly cropped the original images into the size of 702 x 468; in this way, then collected 640 training
images from Munich dataset. Secondly, we combined the training set of VEDAI 1024 and these cropped
images to form a joint training set. During training, we used the same parameters and settings as that
were adopted in VEDAI dataset.

In testing phase, each testing image was cropped into 702 x 468 pixels as well. Hence, 640 cropped
images were employed as the testing set. As the evaluation results showed in Table 4, our model
obtains the best detection accuracy. Especially, the AP outperforms other two models by approximate
20 and 10 percentage points. The detection speed also achieves a comparable level with that of others.

Table 4. Comparison results of various detection models on Munich Vehicle dataset.

Detection Model Recall Rate AP F1-Score Detection Time (fps)
Faster R-CNN (Z&F) 66.8% 53.9% 0.657 5.2
Faster R-CNN (VGG-16) 78.3% 64.8% 0.779 4.9
Our Model 80.3% 73.7% 0.782 3.2

In addition, the precision-recall curve and recall-IoU curve are showed in Figure 10a,b. Figure 11
gives some examples of the detection on the Munich vehicle dataset. Figure 11a,c,e,g,i k is the input
images, and the ground truths are annotated by yellow boxes. Figure 11b,d,f,h,j 1 is the detect results,
and the detections are annotated by red boxes.
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Figure 10. Comparisons of three detection models (a) precision-recall curve (b) recall vs. IoU curve.
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Figure 11. (a-1) some detection examples of VEDAI dataset.

5. Conclusions

In this paper, we propose a fast and accurate vehicle detection model for aerial images. Unlike
the traditional sliding-window-based detection models and recent CNN-based models, our detector is
a cascaded CNNSs architecture that combines two CNNs (VPN and VDN) for generating candidate
regions and making decisions, respectively. The proposed VPN is based on a VGG-16 model; taking
advantage of the shallow and deep feature map, we build hierarchical feature maps. Compared
with other CNN-based region proposal methods (such as RPN with VGG-16, RPN with Z&F), the
VPN generates more accurate candidate regions, especially for the small vehicles in aerial images.
Moreover, we trained a category-specific detection network called VDN, which is combined with VPN
and obtained high performance. From the extensive experimental results presented in Section 4, the
proposed model outperforms the state-of-the-art detection model [18,19] in detection accuracy, and the
detection speed achieves a comparable level.

Although our model has obtained favorable performance on vehicle detection in aerial image
data, it still has some limitations. One limitation is in hard example detection, for example, when some
vehicles in aerial images are partially occluded by other objects or extremely small vehicles. Moreover,
to distinguish some intra-class vehicles is also difficult, such as camping cars and big vans. In the future
work, we focus on the further optimization of VPN. Firstly, a deeper CNN model will be adopted and
built finer architecture of feature maps. Moreover, to reduce the time cost of region proposal stage,
we will try to improve the performance of the efficient super-pixel segmentation method like SLIC,
which shows advantages in speed of generating regions, but the capability of generating accurate
candidate regions should be improved. Multi-GPUs should be adopted collaboratively in the region
proposal stage.
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