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Selt-Supervised Feature Augmentation
for Large Image Object Detection
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Abstract—Input scale plays an important role in modern
detection frameworks, and an optimal training scale for images
exists empirically. However, the optimal one usually cannot be
reached in facing extremely large images under the memory
constraint. In this study, we explore the scale effect inside the
object detection pipeline and find that feature upsampling with
the introduction of high-resolution information benefits the detec-
tion. Compared with direct input upscaling, feature upsampling
trades a small performance loss for a large amount of memory
savings. From these observations, we propose a self-supervised
feature augmentation network, which takes downsampled images
as inputs and aims to generate comparable features with the
ones when feeding upscaled images to networks. We present a
guided feature upsampling module, which takes downsampled
images as inputs, to learn upscaled feature representations with
the supervision of real large features acquired from upscaled
images. In a self-supervised learning manner, we can introduce
detailed information of images to the network. For an efficient
feature upsampling, we design a residualized sub-pixel convolu-
tion block based on a sub-pixel convolution layer, which involves
considerable information in upsampling process. Experiments on
Mapillary Vistas Dataset (MVD), Cityscapes, and COCO are
conducted to demonstrate the effectiveness of our method. On the
MVD and Cityscapes detection benchmarks, in which the images
are extremely large, our method surpasses current approaches.
On COCO, the proposed method obtains comparable results to
existing methods but with higher efficiency.
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I. INTRODUCTION

ITH the help of deep convolutional neural net-

works (CNNs), the performance of object detection
(with/without segmentation masks) has been significantly
improved in public challenges such as ImageNet [1] and
COCO [2]. In these benchmarks, the typical size of images
is 480 x 640. However, the input images would be at
very high resolutions in some application fields, such as
self-driving vehicles, where the decision-making component
highly depends on visual data analysis and requires reliable,
real-time semantic image understanding [3]. In Mapillary
Vistas Dataset (MVD) [3], the minimum size of images is fixed
at full HD, and the average image resolution is 2500 x 3450;
consequently, the images cannot be directly used as inputs
for current state-of-the-art detection/segmentation architec-
tures due to the limitation of the memory and capabilities
of GPU.

A common practice to handle the issue described above
is to crop the high-resolution input into several subimages
to feed deep learning pipelines, as in [4], and then fuse the
output of these subimages to generate the final results. This
practice, however, is extremely inefficient and time consuming.
It also raises another problem on how to crop images to
achieve a good tradeoff between performance and speed.
Another issue is that merging different instance segmentation
predictions is challenging because the pixel-level fusion will
be highly influenced by the inconsistencies among different
subresults.

A solution is downsampling the input images to medium or
small scales to meet the memory limit of the GPU. We design
controlled experiments on MVD to determine the effect of the
scale of input images. We first downsample the high-resolution
images along with the short edge into six different scales
(400, 800, 1200, 1600, 2000, and 2400 in our experiments)
while keeping the original aspect ratio and then upsample the
images from 400 to 800, 1200, 1600, 2000, and 2400. Both the
downsampling and upsampling are done with simple bilinear
interpolation. Thus, 11 groups of data sets with different scales
and resolutions exist. Except for images of 400-pixel, there
are two different resolution images at each scale. We call the
images obtained by downsampling as high-resolution ones and
those by upsampling as low-resolution ones. Next, we take
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Fig. 1. Comparisons of different input sizes on the MVD detection

benchmark. Training samples are obtained by downsampling the original
high-resolution images to different scales or upsampling from half-sized
images.

ResNet-101 [6] network as the backbone and train FPN-
based [7] Mask-RCNN [8] using each group of images men-
tioned above. The scales aforementioned is the input scale to
feed to networks and there is not additional resizing operation
for images in each experiment. The dash lines in Figure 1
show the comparison of the detection average precision (AP)
along with changes in input sizes when taking high-resolution
downscaled images as input. When the input images are
in small or medium sizes, the detection performance drops
considerably. Comparison of the results of smallest scale with
the ones of largest scale indicates an approximately 50%
decrease in AP with an approximately 80% drop in scale. The
solid lines in Figure 1 show the detection results using these
low-resolution images as inputs. Consistent with the results
indicated by the dash lines, large-sized inputs outperform the
low/medium-sized inputs. From these comparisons, we have
the following observations:

o With an increase in input size within a certain range,
the performance of the detection network is improved
accordingly.

o With the same image size, the detectors trained with
downsampled (high-resolution) inputs outperform the
ones with upsampled (low resolution) inputs due to the
information loss in the up-/downsampling process.

In line with such observations, we can roughly conclude that
we should consider two aspects, namely, increase the input
scale within an appropriate range and improve the resolutions
of input images, to improve the detector from the view of
input.

However, increasing the input scale directly is
memory-consuming and not achievable under the memory
limit. Therefore, we attempt to upsample the feature map
instead of upsampling the input directly. For demonstrating
the validation of feature upsampling, we conduct several
experiments to analyze the effect of scale heterogeneity inside
the object detection framework and conclude that upsampling
features can approximate the effect of directly upsampling
input images (Section IV).
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In this paper, we propose a self-supervised feature aug-
mentation network (SFANet) for extremely large-image object
detection and instance segmentation. SFANet takes downsam-
pled images as inputs and aims to learn comparable feature
maps to the ones learned from larger-scale images. We present
a guided feature upsampling module that takes downsampled
images as inputs to learn a high-resolution feature representa-
tion with the supervision of real large features acquired from
large-scale images. In a self-supervised way, we can introduce
detailed information of images to the network. For an efficient
upsampling, we propose a residualized sub-pixel convolution
block to assist feature augmentation with minimal information
loss. Sub-pixel convolution matches the encoding process by
adopting considerable information through embedding infor-
mation into channels (Section V). The main contributions of
this paper are as follows:

o We are the first to systematically analyze scale hetero-

geneity inside the object detection framework.

« We propose a novel deep pipeline called SFANet, which
performs the large-image object detection task with the
help of self-supervised learning.

o Our method achieves state-of-the-art results on MVD and
CityScape benchmarks and acquires comparable results
with higher efficiency on COCO dataset.

II. RELATED WORK
A. Object Detection

From OverFeat [9] and R-CNN [10] to YOLO [11], Mask
R-CNN [8] and DetNet [12], the object detection accuracy
has been significantly improved. In the research field of object
detection, an object detector is divided into one- and two-stage
pipelines in accordance with whether the region proposal
network is needed. Two-stage object detectors or region-based
pipelines [5], [8], [13] generate the region of interest (Rol)
first and then perform classification and regression tasks to
refine the region proposal and infer the object category.
Conversely, one-stage pipelines, which are represented by
YOLOs [11], [14] and SSD [15], do not need separate
modules to generate region proposal but regress the object
location and class directly. Saliency-based methods can also
detect and segment salient objects from an image [16]. From
PASCAL VOC [17] and ImageNet [1] to COCO [2] and
VisualGenome [18], the revolution in visual recognition bench-
marks encourages or inversely squeezes the development of
the state-of-the-art deep pipelines. Specifically, MVD offers
a diverse street-level image dataset with pixel-accurate and
instance-specific human annotations for understanding street
scenes [3]. However, the images in MVD are all extremely
large, which makes current state-of-the-art detectors failed due
to computational limitation.

Several works in the visual understanding literature have
focused on detecting objects across a large range of scales,
which is a fundamental challenge in computer vision and
broadly falls into three types of multiscale object detection
approaches. On the one hand, detection using hyperfeature rep-
resentation by simply incorporating skip features into detec-
tion, such as UNet [19], Hypercolumns [20], HyperNet [21]
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and ION [22], does not yield significant improvements due
to the high dimensionality. On the other hand, SSD [15],
MSCNN [23], RFBNet [24], and DSOD [25] combine predic-
tions from multiple feature maps to handle objects of various
sizes. However, simply detecting objects from low layers
may result in poor performance because low layers possess
limited semantic information. Recent works have proposed
detecting objects at multiple layers to combine the best char-
acteristics of both approaches, and the feature of each detec-
tion layer is obtained by combining features from different
layers [26]—[28].

B. Self-Supervised Learning

Self-supervised learning defines an annotation-free pretext
task to provide a surrogate supervision signal for feature
learning. Many works on self-supervised learning exist. One
class of methods removes part of the visual data (e.g., color
information) and tasks the network with predicting what
has been removed from the rest (e.g., grayscale images) in
a discriminative manner [29]-[31]. Doersch and Zisserman
proposed to predict the relative position of patches cropped
from images [32]. Wang et al. used the similarity of patches
obtained from tracking as a self-supervised task [33] and com-
bined the position and similarity predictions of patches [34].
Other tasks include predicting noise [35], clusters [36], [37],
count [38], missing patches [39], motion segmentation
labels [40], and aesthetic assessment [41]. Doersch et al. [42]
proposed to jointly train four different self-supervised tasks
and found it to be beneficial. The intuition is that, by solv-
ing such tasks, the trained model extracts semantic features
that can be useful for other downstream tasks. In our case,
we consider a multitask setting in which we train the model
using joint supervision from the supervised end-task and an
auxiliary self-supervised pretext task. We resize the original
image to a smaller one as the network input and introduce the
feature of the original image as the auxiliary supervision to
help learn feature upsampling effectively.

C. Feature Upsampling

In the hierarchical architecture of CNN, feature maps from
different layers are usually at different scales, and this condi-
tion makes combining features from different layers challeng-
ing. To address this problem, researchers use a deconvolution
layer or bilinear interpolation to upsample feature map. The
method of upsampling mainly consists of two categories,
namely, learnable and parameter free. Deconvolution is the
learnable one, which was first proposed in FCN [43] and
utilized in later works on semantic segmentation such as [19],
[44]1-[47]. Cai et al. [23] was the first to apply a deconvolution
layer to improve the detection performance; it does not incur
additional cost for memory and computation in contrast to
input up-sampling. Unpooling and interpolation belong to the
latter, which do not need additional parameters. Unpooling
has rarely been involved in networks in recent years, whereas
the interpolation operation is widely used [48]-[51]. Another
parameter-free approach is called “sub-pixel convolution”,
which is derived from [52], [53] in a superresolution task
and is widely broadcast to other tasks such as semantic
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segmentation [54]-[56] and classification [57]. They all intend
to transform raw poor features to one that contains more
information than them. We apply sub-pixel convolution to
feature upsampling by adopting a residual design to ease the
network training.

III. OVERVIEW

With the help of deep CNNs, the performance of object
detection has been significantly improved. However, most
works focus on small images such as the popular benchmark
COCO [2], in which the typical size of images is 480 x 640.
The images in some real application fields are much large.
We first analyze the scale heterogeneity inside object detection
framework and then propose SFANet to learn a upscaled fea-
ture representation with minimal information loss for improv-
ing the object detection on extremely large images.

A. Detection at Heterogeneous Scale

We define Prq,; and Pp.; to represent deep feature rep-
resentation and object detector parts of an object detection
pipeline, respectively. We first assign different image scales
between training and testing and then assign different scales
to Prear and Pper. Involving high-resolution information
into a heterogeneous-scale structure benefits the detection
performance; and the earlier the high-resolution information
is involved, the better the performance will be.

B. Self-Supervised Feature Augmentation

From the observation, we propose a deep object detec-
tion framework called SFANet, to introduce high-resolution
information to the framework via a self-supervised manner.
We take the FPN-based Mask R-CNN as the baseline and
present a guided feature upsampling module to learn a
upscaled feature matched to large images effectively. Further-
more, we propose a residualized sub-pixel convolution block
to assist the feature upsampling which involves considerable
information and promote the learning.

IV. DETECTION AT HETEROGENEOUS SCALE

Recent CNN-based object detectors commonly upsample
the input images to generate effective results. Singh and
Davis [58] studied the effect of multiplescale inputs on Ima-
geNet and COCO. They observed that a large-scale input
was important for small-object detection. The improvement
by training at a large size was marginal when the input scale
was over 800 x 1400. A similar conclusion can be made from
Figure 1 on MVD. Within a certain range, the performance is
continuously improved with an increment in input scale.

However, the memory is inadequate for extremely large
images to reach an optimal scale. Thus, we upsample the
feature map instead of the model input because the former is
much more space efficient than the latter. We perform a series
of experiments to verify whether the feature upsampling is
effective and explore where and when to upsample features.
Similar to the experiments in Figure 1, all the models involved
in this section are trained on MVD by using FPN-based Mask
R-CNN and take the ResNet-101 as the backbone network.
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TABLE I

DETECTION RESULTS ON MVD WHEN THE DETECTORS
ARE TRAINED AND TESTED AT DIFFERENT SCALES

Scale
Train AP
PFeat [ PDet Test
500 500 500 10.95
500 500 1000 14.24
500 1000 1000 15.13
1000 1000 1000 16.65
1000 1000 1500 17.21
1000 1500 1500 17.93
1500 1500 1500 18.83

We divide an object detection pipeline into two parts, namely
feature representation (Pre,;) and detector heads (Ppes). The
part Preq; takes images as input, and outputs the feature
representation. The part Pp,; consists of classification and
regression heads of the network. We prepare three similar
groups of datasets for training. The only difference among
these datasets is the image scale (500, 1000, and 1500 in
our experiments and all images are obtained by downsampling
from the original large images).

We train the models on each group of dataset without
additional image resizing operation and obtain three models,
namely, Nsoo N1ooo, and Ny500. These models are evaluated on
the evaluation dataset, and the test scales are the same as the
ones when training. The results are listed in the first, fourth,
and seventh rows of Table I. The scales of Ppe and Preas
of each model are the same. We increase the test scale to
make the detection scale heterogeneous between the training
and testing phases and list the results in the second and fifth
rows of Table I. Both models achieve some improvement,
and this simple trick is also usually used by researchers to
improve detection results. We fix the parameters Pre,; of
Nsop and Nigpo and fine-tune Pp.; by using images at scales
1000 and 1500, respectively. In the fine-tuned networks, Preq;
and Pp,, are trained at different scales, which means the
detection results are carried at heterogeneous scales within
the training phase. The results are listed in the third and sixth
rows of Table I. Finally, we fine-tune the entire N5gyp and Niogo
using the images at scales 1000 and 1500, and the models are
actually the same as Njgpp and Ny500.

Comparison of the results in the second and third (fifth and
sixth) rows where scale heterogeneous happens within training
phase shows that increasing the scale of feature representation
can indeed improve the detection performance. The first four
rows (or the last four rows) are also compared. We increase the
feature scale at different stages in turn, namely, after training,
within the training phase (Pp,;), and at the very beginning of
training (PFeqr). The earlier upsampling is performed, the bet-
ter the performance will be. However, the model complexity is
also increasing rapidly as features are upsampled prematurely.
This condition is a tradeoff between computational complexity
and performance.

V. SELF-SUPERVISED FEATURE AUGMENTATION

On the basis of the abovementioned observation, we propose
a novel deep object detection framework called SFANet, which
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increases the resolution of feature representation instead of
model input. However, simple upsampling can’t introduce the
information of high-resolution images as confirmed in the
experiments of Figure 1. We introduce a guided feature loss
to learn the model in a self-supervised manner for utilizing
the information of high-resolution images. We first introduce
the network architecture of our method in Section V-A.
We then describe the guided feature upsampling module in
Section V-B. This module aims to learn a substantial feature
representation with minimal information loss when taking
downsampled images as inputs. In Section V-C, we introduce
the residualized sub-pixel convolution block, which is the
basic upsampling operation in the guided feature upsampling
module.

A. Network Architecture

We regard the FPN-based Mask R-CNN as the baseline and
the overall structure of SFANet is shown in Figure 2. The
components in dashed yellow bounding boxes are proposed in
this work, whereas the others belong to the FPN-based Mask
R-CNN framework. The classification and regression heads of
RPN [5] are omitted for clarity. The proposed guided feature
upsampling module locates right after the bottom-up pathway
of the backbone network and learns the upsampled feature for
each stage {C>» — Cs} guided by real large features Cy, which
are extracted from the large-scale images. The learned features
({F> — Fs}) are fed to the second top-down pathway and
finally accessed to the detection block. Given the input scale
in the training phase, we resize the original large images and
feed them (/1(1X)) into the network. We prepare larger-scale
images than aforementioned, in which the size is twice as large
(I2(2X)) to utilize the information of high-resolution images.
We extract the C; features corresponding to larger images as
the auxiliary supervision to guide the feature learning. In the
testing phase, we shield the feature loss branch and do not
prepare the larger-scale images because we do not need to
calculate the feature loss.

Thus, our overall learning objective can be written as
follows:

L= L5 + /1Lreg + ﬂLseg + )’Lgf, (1)

where the first three items are the same as those in Mask
R-CNN; and L, is the guide feature loss in our upsampling
module, which will be elucidated below. The RPN losses are
omitted here for clarity.

B. Guided Feature Upsampling Module

Feature upsampling was first applied to object detection
in [23] by using a deconvolution layer and boosted the
detection performance through feature approximation. Without
considerably increasing memory and computation cost, feature
upsampling provides another way to fit object detection for
large scale images under memory limit. However, the benefits
of simple feature upsampling without introducing additional
supervision are very limited.

Thus, we propose a guided feature upsampling module.
U-Net with skipping connection are widely used to generate
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Fig. 2.

Overall architecture of our approach. The components in dashed yellow bounding boxes are proposed in this work, whereas the others belong to

the FPN-based Mask R-CNN framework. The classification and regression heads of RPN [5] are omitted for clarity. The proposed guided feature upsampling
module locates right after the bottom-up pathway of the backbone network and learns the upsampled feature for each stage {Cy — C5} guided by real larger
feature Cp. The learned features ({F> — Fs}) are fed to the second top-down pathway and finally accessed to the detection block.

upsampling images in super-resolution area [59]—[61]. Inspired
from these work, we design the guide feature upsampling
module as shown in Figure 2 (marked by a dashed yellow
bounding box), to efficiently and effectively improve the
feature representation for object detection. We introduce the
real large image feature as the auxiliary supervision to learn
an effective large image representation via feature upsampling.
We regard ResNet [6] as the basic structure and denote C; - Cs
as the outputs of convl-conv5. C; is the output immediately
after max pooling. The outputs of our upsampling module are
defined as F3 - F5, corresponding to C; - Cs that are 2x larger
in feature width and height. We formulate the guide feature
loss, Lgy, as follows:

1
Ls = N—p|C1(X)®P—G(F2(x))®P|2, 2

where X,x are the large and small images, respectively.
G(-) represents the channel reduction operation which aims
to make channel consistent between C;| and F>. P indicates
a proposal, and (-) ® P indicates the region covered by the
proposal. N, is the number of pixels contained in the proposal
regions. In our experiments, we adopt a 1 x 1 convolution
layer to reduce the channel dimensions of F;, which also acts
as a buffer to prevent the loss from directly acting on F3
feature layer. Instead of using a full feature map as supervision,
we only backpropagate the loss of a specific region covered
by the proposals to reduce the burden of network learning and
remove unnecessary noise.

We adopt lateral upsampling and top-down upsampling
simultaneously. The top-down pathway upsamples feature
maps from a high pyramid level iteratively to F>. These fea-
tures are enhanced by the features from the bottom-up pathway
via lateral upsampling. Each lateral connection upsamples
feature maps from the bottom-up pathway and fuses them

with the features from the top-down pathway. An efficient
representation for decoder corresponding to the same level of
encoder is generally difficult to learn because of the asymme-
try of the depth between the encoder and decoder branches.
The network adopted in the detection task is usually deep,
which makes the learning of features on the top-down pathway
difficult and inefficient. The proposed lateral upsampling not
only can enhance the feature on the top-down pathway but
also can benefit the information aggregation from each level
in the feed-forward process to a high-resolution feature. The
costs for memory and computation is limited because we only
upsample the last residual block of each stage in our proposed
module

C. Residualized Sub-Pixel Convolution Block

We design a residualized sub-pixel convolution block link-
ing the top-down and lateral connection pathways to upsample
features effectively. In contrast to the method in [23] that
uses a deconvolution layer for feature upsampling, our method
adopts a sub-pixel convolution layer to upscale feature maps.
Figure 3 illustrates the details of the difference between the
two methods. Figure 3(b) is the result after convolution from
Figure 3(a) with a 3 x 3 kernel. The center element in the
original input (filled in yellow) acts on each pixel of the
output feature map. When upsampling from the feature map,
the deconvolution layer (Figure 3(c)) first pads zeros (marked
as gray squares) and then performs a standard convolution.
The center element in upsampled feature map (filled in red,
corresponding to the yellow pixel in the original input) is
obtained from the elements in the dashed red bounding box,
that only one element (filled in blue) from the feature map.
Compared to the forward convolution, the deconvolution gen-
erates upsampled feature map using partial elements, which
loses information inevitably. In contrast to deconvolution layer,
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Fig. 3. Comparison between how deconvolution and sub-pixel convolution
layers conduct the upsampling progress. (a) Input pixels. (b) Output feature
map after 3 x 3 convolution. (c) Deconvolution and (d) sub-pixel convolution
are two different feature upsampling ways. The deconvolution layer first pads
zeros and then conducts a standard 3 x 3 convolution, whereas the sub-pixel
embeds information to channels using a 3 x 3 x 4 kernel and then rearranges
it periodically.

the sub-pixel convolution layer (Figure 3(d)) first embeds
information to channels using a 3 x 3 x 4 kernel and then
rearranges it periodically to generate an upscaled map. Each
element in central region (marked by red rectangle) are cal-
culated using all the elements in Figure 3(b). The sub-pixel
convolution involves all the necessary information and is
obviously reasonable in the upsampling procedure. i.e., it’s the
larger receptive field which makes sub-pixel achieve a superior
position. As addressed in [6], deep neural networks are difficult
to train, whereas using a residual learning framework can
ease the training of networks. We explicitly reformulate the
layers as learning residual functions with reference to large
features by interpolation instead of learning large features
directly. For a minimal memory cost, we first use a bottleneck
to aggregate information and then adopt depth-wise separable
convolution [62] to replace standard convolution.

The proposed block acts slightly different in various path-
ways. Figure 4 shows the details of the two blocks for the
top-down and lateral pathways. They consist of two branches,
namely, one embeds high-resolution information into chan-
nels using sub-pixel convolution, and the other upsamples
the features by interpolation. The two branches are summed
element wisely, and the aliasing effect is mitigated using
a convolution layer. On the contrary, we adopt a separable
depth-wise convolution layer in the lateral connection pathway
to reduce the memory cost. Table VI shows the results when
using different upsampling methods. Our proposed residual-
ized sub-pixel convolution block outperforms other commonly
used methods.

VI. IMPLEMENTATION DETAILS

We adopt the open-source code of mmdetection based on
Pytorch! to train FPN-based Mask R-CNN. All the pretrained
models we use in the experiments are supported by mmdetec-
tion. For each image, we sample 512 Rols with a positive-to-
negative ratio of 1:3 as default. Weight decay is set to 0.0001,

1 https://github.com/open-mmlab/mmdetection
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Fig. 4. Residualized sub-pixel convolution block. The two blocks are applied
at upsampling operations for (a) lateral and (b) top-down connections in our
guided feature upsampling module.

and momentum is 0.9. Other hyperparameters slightly vary
in accordance with datasets, and we detail them in respective
experiments.

A. Training

The backbone network of SFANet is pretrained on ILSVRC
dataset [1]. We use the “Xavier” method [63] to randomly
initialize the parameters of all added convolution layers with
zero bias. The channel number of F; is set to the number of C;
to reuse the parameters of the FPN model as much as possible.
For each minibatch, we process images in accordance with a
predefined input scale (e.g., I;(1X) in Figure 2) and prepare
another copy with 2x larger scale (e.g., [o(2X) in Figure 2).
The smaller one is normally used for training, whereas the
larger one only passes through the first stage of the bottom-up
pathway. We extract the C; feature of larger scale images as
the auxiliary supervision for the guided feature branch. C;
feature is a 64-channel vector, and it is 4x smaller than the
input. In contrast to the entire network, the memory cost
incurred from the extraction of large features is limited. We set
f = 0.1, and other settings are the same as those in the
baseline method.

B. Inference

At the test phase, we shield the guided feature loss branch
of the proposed guided feature upsampling module and do not
prepare a larger scale of images anymore. The procedure is
the same as the baseline method. The proposals are generated
on each feature pyramid, P;, and finally accessed to the
detection result via the Fast R-CNN head outputs, followed
by Non-maximum Supression (NMS). As default, we retain
the top 1000 proposals when evaluating our method on all the
datasets.

VII. EXPERIMENTS

Experiments are conducted on three datasets, namely
MVD [3], Cityscapes [68] and COCO [2]. The testing tricks
used in our experiments are common among existing methods,
such as multiscale testing, horizontal flip testing, mask voting
and box voting [6], [69]-[73].
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TABLE II

COMPARISON AMONG SFANET, UCENTER [64], MASK R-CNN [8], PANET [65], CASCADE R-CNN [66], IOUNET [67] ON MVD VALIDATION
SUBSET IN TERMS OF MASK AP. EACH INPUT SCALE IS THE MAX VALUE CAN BE ACHIEVED IN OUR PLATFORM GIVEN METHODS

Method [ AP APS0 APTS APS  APM  ApPL [ Input Scale [ Backbone
UCenter-Single 22.8 42.5 - - - - -
UCenter-Ensemble 23.7 43.5 - - - - - -
Mask R-CNN 1991 35.80 19.51 7.51 22.79  39.52 2400 ResNet-101
Mask R-CNN 21.25 38.01 19.98 6.93 23.41  42.17 1800 ResNeXt-101
PANet|test_tricks] 24.9 44.7 - - - - - ResNet-50
PANet 21.21  40.78  20.98 9.45 24.01  40.88 2400 ResNet-101
PANet 22.83 42.32  22.53 7.82 25.72  43.40 1800 ResNeXt-101
Cascade R-CNN 20.90 37.79  20.53 8.21 23.58  41.49 2400 ResNet-101
Cascade R-CNN 22.23  40.82  20.98 7.79 24.38  44.06 1800 ResNeXt-101
IOUNet 20.83  37.52  20.41 8.13 23.37  41.37 2400 ResNet-101
IOUNet 22.15 40.68  20.87 7.75 24.31  43.97 1800 ResNeXt-101
SFANet 21.49 41.10 21.21 10.03 24.79 39.49 1600 ResNet-101
SFANet 23.35 42.89  23.09 9.89 26.29  41.09 1400 ResNeXt-101
SFANet[test_tricks] | 25.45  45.52 25.21 12.16 2842  43.21 1400 ResNeXt-101
TABLE III

A. Experiments on MVD

1) Dataset and Metrics: MVD is a new street-level image
dataset that focuses on high-level, semantic image under-
standing and feature locations worldwise and is diverse in
terms of weather and illumination conditions and capturing
sensor characteristics [3]. This dataset contains around 25k
high-resolution images (18k train, 2k val, 5k test). The average
short side is approximately 2500 pixels, which are much larger
than that of COCO (~400 pixels). MVD is widely used
as the basis for visual understanding tasks such as LSUN
in CVPR’17 and joint COCO and Mapillary Recognition
Challenge in ECCV’18.

We use AP as the main metric which is computed on the
basis of instance-level segmentation per object category and
averaged over a range of overlaps of 0.5:0.05:0.95 with inclu-
sive start and end. MVD only provides pixel-level annotations.
We infer the position of the bounding box in accordance with
the principle of minimum closure, and all models are trained
end to end.

2) Main Results: All models are trained on the MVD
training set and tested on the val set. We set the learning rate
to 5e~3 for the first 90k iterations, and decay it to 5¢~* and
5S¢~ for training another 30k and 20k iterations, respectively.
We compare our methods with the state-of-the-art detectors
including Mask R-CNN [8], Cascade R-CNNN [66], and
IOUNet [67], and two best approaches, UCenter and PANet,
in the past open challenge based on MVD. UCenter [64]
reaches the first place in the LSUN 2017 challenge, both
single model and the ensemble results are reported. PANet [65]
reaches the first place in the COCO 2017 Challenge Instance
Segmentation task. Literature [65] only provided the results
of AP and AP, but the scale of input images was not
mentioned; for further comparison, we retrain PANet models
in accordance with the released code by the author.?> The
parameters are set as default accordingly. For PANet, group
normalization [74] is used in the released code, whereas
batch normalization cross GPU [75] is used in [65]. We do
not use either group normalization or batch normalization
for fair comparison with Mask R-CNN. Table II shows the

2https:// github.com/ShuLiu1993/PANet

MASK AP OF MVD INSTANCE SEGMENTATION CHALLENGE
IN DIFFERENT YEARS ON TEST AND VAL SUBSETS

Methods | AP?est — ApIest T Apval — Apyal
LSUN'I7 | 2438 442 23.7 435
COCO'17 | 26.3 45.8 24.9 44.7
SFANet 26.6 46.9 274 47.6

results including the original results reported in [65]. For the
reimplemented or retrained deep pipelines, we only report the
best results with various input scales. The best performance for
each pipeline is achieved at the maximum input scale limited
by GPU memory. Our method with ResNeXt-101 outperforms
the other models with smaller input which is more efficient.
We also show examples of instance segmentation results of
our method on the validation subset in Figure 5.

3) Joint COCO and Mapillary Recognition Challenge:
We apply the proposed SFANet to the instance segmentation
task on MVD of the joint COCO and Mapillary Recognition
Challenge held on ECCV by adopting additional training and
testing tricks and achieve the first place. For training, we adopt
multiscale training strategy and fine-tune the models pretrained
on COCO. The tricks we adopt here are the same as those
described in the main file. In the training phase, we set
the short side to [800, 1000, 1300] and [800, 1000, 1400,
1600] for ResNeXt-101 and ResNet-101, respectively. For
multiscale testing, we set the short edge to [600, 1000, 1200,
1600], and the maximum size is set to 2000. For ensemble,
we use two ResNeXt-101 (32 x 8d), one ResNet-101, and two
DCN-ResNeXt-101 for bounding box and mask generation.
The deformable convolution layer is only used in the mask
branch. We train these models with similar settings. One
ResNeXt-101 (32 x 8d) is used as the base, with and without
balanced sampling, to enhance the diversity among models.
Table III shows our results, the winner of LSUN 2017, and the
first-place entity of COCO 2017 tested on MVD. Compared
with these state-of-the-art results, 3.7%, 2.5% absolute and
15.6%, 10.04% relative improvement are achieved on val
subset. On the test dataset, we obtain 1.8%, 0.3% absolute
and 8.9%, 3.8% relative improvement.
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Fig. 5.

TABLE IV
RESULTS OF TRAINING AT DIFFERENT SCALES AND TESTING FPS

Scale | Model | AP FPS
600 SFANet 15.41 2.30
1000 Mask R-CNN 15.98 1.68
1000 PANet 17.02 1.05
1000 Cascade R-CNN 16.79 1.58
1000 IOUNet 16.70 1.61
1000 SFANet 20.39 1.20
1400 SFANet 2335 0.86
1800 Mask R-CNN 21.25  0.82
1800 PANet 22.83 0.44

4) Input Scale Variety: We train models at different input
scales to demonstrate the efficiency of our methods. On the
basis of the ResNeXt-101 model, we set the input scale
of the FPN-based Mask R-CNN and PANet to 1000 and
1800, whereas our models are trained at scales 600, 1000
and 1400. We record the run time performance of different
methods. Table IV shows that our results outperform the other
methods at the same input scale. Specifically, our method with
input scales 600 and 1400 can achieve comparable results
to those of the comparative methods trained on 1000 and
1800, respectively. Our method is also time-efficient with good

Examples of instance segmentation results of SFANet on MVD val subset.

performance because our small input significantly reduces
the amount of calculation in the test phase. In detail, our
method is slightly faster than PANet at the same scale, such
as 1000. With our additional module, our method is slower
than Mask R-CNN reasonably, but our performance is much
better. Additional details and discussions are provided in
supplemental materials.

5) Ablation Study: We provide ablation studies of SFANet
by conducting controlled experiments to observe how each
component affects the performance on MVD dataset. First,
we determine the effects of feature upscaling and guided fea-
ture loss. Our module adopts a U-Net structure with skipping
connections to restore upscaling feature. These features con-
tain limited semantic information, and cannot handle high level
recognition tasks, which require high level semantic features.
Therefore, we introduce an additional top-down pathway,
namely FPN structure, to promote information aggregation.
Table V shows the results when we sequentially add the
residualized sub-pixel convolution block and guided feature
loss. The baseline method is the FPN-based Mask R-CNN
with ResNet-101. Without FPN structure, the performance
decreases when adding feature upsampling. The model gets
worse when we continue to add guided feature loss, because
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TABLE V

ABLATION STUDY WHEN WE SEQUENTIALLY ADD THE FEATURE
UPSAMPLING, GUIDED FEATURE LOSS, AND FPN STRUCTURE.
THE FEATURE UPSAMPLING AND GUIDED FEATURE LOSS
ARE ABBREVIATED AS FU AND GFL, RESPECTIVELY

Methods FU GFL FPN[7] | AP APSY  APT
baseline v 19.91 3580 19.51
v 1929 3496 1899
Ours v v 2043 36.31  20.29
v Y 17.69  33.57 17.18
v v 2149 41.10 21.21

TABLE VI

ABLATION STUDY WITH DIFFERENT UPSAMPLING
METHODS ON RESNET-101

method [ AP AP0 APTS
Interpolation 19.86  18.23 9.57
Deconvolution 20.15  36.01 19.68
Sub-pixel convolution | 20.82  40.51 20.69
Ours 2149 41.10 21.21

TABLE VII

ABLATION STUDY WITH DIFFERENT KINDS
OF SUPERVISION INFORMATION

setting [ AP AP0 APTS
baseline 19.91 35.80 19.51
No_Sup 20.43  36.31 20.29
2X image 20.45 37.03 20.31
Cy 20.62  37.75  20.51

C1 20.99 38.89 20.84
Guided_C1 | 2149  41.10  21.21

the supervision, Cp, has limited semantic information and
forces the restored upscaling feature to lose high level semantic
information. After we add the FPN structure, the feature
upsampling and guided loss achieve gains of 0.5 and 1.0,
respectively. The results verify the necessity of additional
top-down pathway and are consistent with our argument that
feature upsampling only provides limited benefits and we must
also introduce the information of high-resolution images.
Next, we evaluate the performance by adopting different
upsampling techniques in our guided feature upsampling mod-
ule. We compare our residualized sub-pixel convolution block
with linear interpolation, deconvolutional layer and sub-pixel
convolution layer. For the deconvolutional layer, we use the
kernel of size 3 x 3. For the sub-pixel convolution layer,
we use the same parameters as ours. Table VI shows the
results using ResNet-101 as backbone feeding images at scale
1600 as inputs. Compared with a simple linear interpolation,
the deconvolution and sub-pixel convolution layers show min-
imal improvement, whereas our residulized sub-pixel convo-
lution block makes the feature augmentation highly effective.
We continue to identify the influences of different super-
vision in our guided feature upsampling module. Table VII
shows the results under different supervision sources. The
baseline method is the FPN-based Mask R-CNN with
ResNet-101 without the guided feature upsampling module.
No_Sup indicates training our structure without additional
supervision and Lgs, loss. C; and C, represent using the
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TABLE VIII
PARAMETER STUDY ON LOSS WEIGHTS OF Ly

B8 0.001 0.01 0.1 1.0 5.0
bbox AP 20.73 20.73 21.09 21.18 20.58
mask AP 18.63 19.12 19.31 19.20 18.79

outputs Cy and C as additional supervision in the bottom-up
pathway, respectively. We add a 1 x 1 x 64 convolution layer
after /> when using the feature extracted from C; to keep
shape consistent. The 2x image refers to using the image
at a large scale as supervision. We add two residualized
sub-pixel convolution blocks and a 3-dimension convolution
layer after F> to generate a superresolution image. Guided _C|
indicates that we only backpropagate the loss inside the
proposals’ bounding boxes from RPN. The results are as
follows: 1) our pipeline promotes the detection preference;
2) additional supervision benefits the feature augmentation to
achieve good detection performance; 3) guided C; is the best.
In our opinion, the additional bottleneck convolution layer
preventing the loss from directly acting on F> makes C| more
robust than C,. Compared with utilizing a 2x image, using
guided C; involves less noise in the feature space, which
makes the Euclidean distance more credible. Only propagating
the features covered by bounding boxes of the proposals
reduces the burden of network learning and the interference
of unnecessary information.

6) Parameter Study: We explore the effect of the loss
weight f of the guided feature loss branch. The loss weight of
the guided feature loss branch should not be set to 1.0 directly
because the position of the proposed module is closer to the
network input than detection-related losses. We select five
values to evaluate the effect of the branch on the final result. In
our experiments, we train the models with ResNet-101 in an
end-to-end fashion at input scale 1000. Table VIII shows the
results by setting different weights for the loss of our guided
feature upsampling module. We acquire the best result when
the weight is 0.1, but the improvement is marginal compared
with the others.

B. Experiments on Cityscapes

1) Dataset and Metrics: Cityscapes [68] is another popular
dataset containing street scenes captured by car-mounted cam-
eras and the images are 1024 x 2048. A total of 2, 975 training
images, 500 validation images and 1, 525 testing images with
fine annotations are available. Another 20k images have coarse
annotations, which are excluded for training. We report our
results on val subset. There are 8 semantic categories and
they are annotated with instance masks. We evaluate the results
based on AP in terms of mask and bounding box.

2) Results and Performance: All methods take the ResNet-
FPN-50 as the backbone network. We train with an image
scale (shorter side) randomly sampled from [800, 1024]. The
inference is on a single scale of 1024 pixels, which is the
same as [8]. We report the performance of our SFANet
on the validation dataset for comparison in terms of mask
AP and AP, As shown in Table IX, our method surpasses
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Fig. 6. Examples of instance segmentation results of SFANet on COCO 2017-val subset.

all other methods. We combine our proposed module with
other FPN-based methods to further verify the effectiveness
of our method. Since the proposed guided feature up-sampling
module is with pyramid structure, we just need to insert the
proposed module between the bottom-up pathway of ResNet
and the top-down pathway of FPN. In these experiments,
we half the image scale, i.e., we train models with image scales
randomly sampled from [400, 512]. The results of Table X
illustrate that our method can roughly achieve ~1.2% mAP
improvements and narrow the gap between lower and upper
bounds.

C. Experiments on COCO

1) Dataset and Metrics: COCO [2] dataset is one of the
most challenging and popular ones for instance segmentation
and object detection. It contains 115k images for training and
5k images for validation (new split of 2017). COCO mainly
focuses on recognition in natural scenes. A total of 20k images
are used in test-dev and 20k images are used as test-challenge.
The ground-truth labels of test-dev and test-challenge are
not publicly available. There are 80 classes with pixel-level
instance mask annotation. We train our models on train-2017
subset and report the results on val-2017 subset. We follow

TABLE IX

COMPARISON OF OUR METHOD WITH STATE-OF-THE-ART WORKS ON
VALIDATION DATASET IN TERMS OF MASK AP AND AP0, “ fine”
AND “+COCO” INDICATE THAT WE TRAIN MODELS ONLY
ON FINE ANNOTATED DATA IN CITYSCAPES OR
PRETRAINED ON COCO RESPECTIVELY

method | AP AP® | waining data
Mask R-CNN 31.5 56.8
PANet 324 58.1
Cascade R-CNN | 32.6 58.9 fine
IOUNet 324 58.3
SFANet 33.6 60.3
Mask R-CNN 36.4 63.1
PANet 37.6 64.1
Cascade R-CNN | 37.5 64.3 +COCO
IOUNet 37.2 63.9
SFANet 38.3 65.8

the standard evaluation metrics and report mask AP and box
ap AP,

2) Results and Performance: We report the performance of
our SFANet on 2017val for comparison in terms of mask A P
and bounding box APPP. All methods take ResNet-101 as
the backbone network. The original image scale is small in
COCO dataset in contrast to those in MVD and Cityscapes.
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TABLE X

WE COMBINE GUIDED FEATURE UPSAMPLING MODULE WITH
STATE-OF-THE-ART WORKS AND DISPLAY THE RESULTS ON
VALIDATION DATASET IN TERMS OF MASK AP AND AP0, “fine”
AND “4+COC O” INDICATE THAT WE TRAIN MODELS ONLY ON
FINE ANNOTATED DATA IN CITYSCAPES OR PRETRAINED
ON COCO RESPECTIVELY. WE TRAIN MODEL WITH
IMAGE A SCALE, WHICH IS RANDOMLY
SAMPLED FrROM [400, 512]

method [ SFA [ AP AP®0 [ training data
Mask R-CNN —— 29.1 52.9
Mask R-CNN v 30.4 54.9
PANet —— 30.2 54.3
PANet v 31.3 56.2
Cascade R-CNN — 30.3 55.1 fine
Cascade R-CNN v 31.5 57.3
IOUNet —— 30.1 54.9
IOUNet v 31.2 56.3
Mask R-CNN - 34.1 59.2
Mask R-CNN v 35.6 61.3
PANet —— 35.3 60.2
PANet v 35.5 62.6
Cascade R-CNN —— 35.2 60.1 +COCO
Cascade R-CNN v 36.4 62.5
IOUNet —— 35.1 59.7
IOUNet v 36.3 62.0
TABLE XI

COMPARISON OF OUR SFANET WITH STATE-OF-THE-ART
METHODS ON COCO IN TERMS OF mAP AND SPEED FPS

method [ AP AP® [ FPS
RetinaNet — 37.2 2.67
Mask R-CNN 35.7 39.0 2.52
PANet 36.4 40.1 1.58
Cascade R-CNN | 36.9 42.3 2.10
IOUNet 36.8 42.2 2.21
SFANet 37.5 43.9 4.26
TABLE XII

COMPARISON WITH FPN-BASED DETECTORS. SFA MEANS COMBINING
PROPOSED GUIDED FEATURE UPSAMPLING MODULE WITH THESE
ARCHITECTURES. OUR METHOD OBVIOUSLY NARROWS THE GAP

BETWEEN THE UPPER AND LOWER BOUNDS. THE INPUT
SCALE Is 400, WHICH IS HALF OF THE NORMAL

method [ SFA [ AP APpP [ Input Scale
RetinaNet —_ - 33.1 400
RetinaNet v — 35.2 400
Mask R-CNN —— 33.6 36.8 400
Mask R-CNN v 34.5 37.9 400
PANet —— 34.5 38.2 400
PANet v 35.6 39.0 400
Cascade R-CNN —_ 34.8 39.8 400
Cascade R-CNN v 35.8 40.7 400
IOUNet —— 34.8 39.9 400
IOUNet v 35.5 41.0 400

The best scale can be achieved with GPU memory. According
to [8], [65], the best input scale on COCO is 800, which
means no further information will be involved when using
larger input scales. Therefore, we set the input scale to 800
for all the other methods and use a scale randomly sampled
from [400, 800] for our approach to validate the proposed
self-supervised feature augmentation. Table XI shows that our
method can achieve comparable results with high efficiency.
We provide examples of instance segmentation results of our
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method on the validation subset in Figure 6. For further
validation, we report the results of these contrast models at
input scale 400 in Table XII. In line with the discussions
in Section IV, the results in Table XII act as the lower
bound, whereas those in Table XI are the upper bounds.
We successfully narrow the performance in the upper bounds
by adopting a self-supervised feature augmentation.

The proposed self-supervised feature augmentation is an
object detection framework that can be applied to other popular
detection pipelines. We merge the proposed guided feature
upsampling module with other FPN-based detectors. Table XII
shows the comparisons between those with/without SFA. The
guided feature upsampling module can boost the performance
of these state-of-the-art architectures.

VIII. CONCLUSION

In this paper, we explore the scale effect inside the object
detection pipeline and propose SFANet, which is mainly
oriented to extremely large images. From the perspectives
of upsampling features and introducing the information of
high-resolution images, we design guided feature upsampling
module. This module upscales features by using the pro-
posed residualized sub-pixel convolution block and introduces
high-resolution information by adding a guided feature loss
branch. The feature upsampling module aims to learn sub-
stantial features matched to large images with small network
inputs under the supervision of large features. We focus on
the detection of extremely large images and conduct several
experiments on MVD and Cityscapes to demonstrate the
effectiveness of the proposed pipeline. We also merge our
guided feature upsampling module with FPN-based detectors.
The results on COCO and CityScapes also demonstrate the
validity of the findings.

To avoid the mixture between feature upsampling and
detector, we introduce an additional top-down pathway, which
makes the network a little complicated. In the future, we will
explore how to combine these two pathway without arising
semantic aliasing. At present, our method can only upscale
2x feature. We will further study how to perform upsampling
at arbitrary multiple efficiently.
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