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Abstract: Administrative regions are fundamental geographic elements on maps, thus making their
detection in map images crucial to enhancing intelligent map interpretation. However, existing
methods in this field primarily depend on the texture features within the images and do not account
for the influence of spatial and co-existence relationships among different targets. In this study, taking
the administrative regions of the Chinese Mainland, Taiwan, Tibet, and Henan as test targets, we
employed the spatial and co-existence relationships of pairs of targets to improve target detection
performance. Firstly, these four regions were detected using a simple Single-Target Cascading
detection model based on RetinaNet. Subsequently, the detection results were adjusted with the
spatial and co-existence relationships of each pair of targets. The adjusted outcomes demonstrate a
significant increase in target detection accuracy, as well as precision (from 0.62 to 0.96) and F1 score
(from 0.76 to 0.88), for the Chinese Mainland target. This study contributes to the advancement of
intelligent map interpretation.

Keywords: spatial relationship; co-existence relationship; RetinaNet model; map administrative
region; target detection

1. Introduction

Maps, important geographic information carriers representing one of the three com-
mon international languages, play a significant role in the expression of geographic space [1]
and are applied in various fields of research, including economic activities and trade, in-
dustrial production, environmental protection, disaster prevention and mitigation, and
epidemic prevention [2-10]. Currently, a large number of raster maps are available on the
internet because of advancements in computer science and internet technology; they are
derived from scanned historical maps, contemporary atlases, vector-to-raster maps with
original vector data missing, hand-drawn maps, etc. The geographic information locked
in raster maps is crucial for researchers to understand long-term development in an area
without manual on-site data acquisition [11-13].

Map interpretation is important for the development of geospatial intelligence [12].
Administrative regions represent fundamental geographic information for depicting lo-
cations where current research is taking place [4] and providing a framework for public
administration [9]. The recognition of administrative regions plays a fundamental role
in map interpretation. As administrative regions are objects in map images, the research
complexities faced in administrative region detection can be transformed into object/target
detection in computer vision. However, generally, within administrative region symbols,
there are combined cartographic symbols, including points, lines and areas, which makes
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the detection of administrative regions in maps more complicated than that of an individ-
ual symbol. Most traditional target detection methods first develop hand-crafted features
derived from Sobel Canny operator recognition [14,15], Haar-like feature detectors [16],
HOG detectors [17], DPMs [18], etc., and then detect the target with shallow classifiers such
as SVMs [19] or boosting regressors [20]. Among them, the highest recorded accuracy is
only 33.7% (mAP), achieved with DPM-v5 on the VOC07 dataset [21].

With the development of artificial intelligence, deep learning networks have become
powerful techniques for image classification [22,23], object detection [24] and object semantic
segmentation [25]. In terms of raster map content recognition, most deep learning-based
methods have been developed for map classification [26-29], map style classification [30],
specific region target detection [31-33] and map textual annotation identification [34,35]. In
general, there are two main paradigms in image object detection based on deep learning that
have been widely used: two-stage detectors (i.e., R-CNN [36], SPP Net [37], Fast R-CNN [38]
and Faster R-CNN [39]) and one-stage detectors (i.e., YOLO [40], SSD [41] and RetinaNet [42]).
The former includes two steps, i.e., proposing regions and then classifying and regressing
bounding boxes, while the latter directly predicts the bounding boxes and class labels in a
single pass [24]. Compared with traditional methods that rely on manually designed features,
object detection based on deep learning leverages its learning capability to automatically learn
more discriminative feature representations, thereby enhancing the accuracy and robustness
of object detection. However, map administrative region detection is rarely performed by
using deep learning-based object detection [31-33]. In one study [32], the authors proposed a
method based on Faster R-CNN [39] to predict specific region objects with multi-scale feature
fusion by using fixed-aspect-ratio anchors. In another study [33], the authors introduced
and compared two typical map-based geographic object detection methods based on YOLO
and RetinaNet [42] and proved that the latter was superior to the former in accuracy and
speed. In a previous study [43], a framework based on CNNs and GCNss for the extraction
and recognition of geological map symbols was proposed. In another study [44], a three-stage
framework based on deep learning to automatically recognize symbols in geological maps
was proposed. Finally, in the study described in [45], the authors compared Faster R-CNN
and RetinaNet in the detection of ship objects in maps.

In the region target detection studies discussed above, only the color and texture
features of regions were extracted, while the spatial and co-existence relationships among
regions were not accounted for. However, different targets in maps have very strong spatial
correlations. For example, on maps, the Beijing target is located northwest of Henan, and
the Chinese Mainland target tends to include Henan and Tibet. Therefore, in this study, we
aimed to adjust the target detection probability to improve performance on targets with
lower detection accuracy by integrating the spatial and co-existence relationships of map
targets with higher detection accuracy. This paper is structured as follows: First, we intro-
duce the map images of four targets, i.e., the Chinese Mainland, Tibet, Taiwan and Henan.
Then, we detail the proposed methodology for detection probability adjustment with spa-
tial and co-existence relationships, together with the test and evaluation results for the
Chinese Mainland and Henan targets. We next report visual and quantitative evaluations
of the proposed method. This is followed by a discussion and concluding remarks.

2. Data Preparation

In this study, we took four administrative regions in map images as the study targets,
including the Chinese Mainland, Tibet, Taiwan and Henan, as shown in Figure 1. We
manually annotated the targets with a web-based annotation tool by drawing bounding
boxes to contain all the pixels of each target; the annotation included the directory of the
map image file, the coordinates of the top left corner of the bounding box, the width and
height of the bounding box and the label of the target (as shown in Table 1).

By using an orientation crawler, we derived 2725 map images from an internet image
search engine by using the keywords Chinese Mainland, Taiwan, Tibet and map; of these,
2109 and 616 images were randomly assigned to training and test sets. In total, 1677 Taiwan
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targets, 449 Tibet targets, 370 Chinese Mainland targets and 947 Henan targets were manu-
ally annotated for detection model training, and 585, 452, 993 and 286 targets, respectively,
for model testing. The specific distribution is shown in Table 2.

Map of China

Target.1

Target.4

Target.2

Target.3

LEGEND
* BEWING

Figure 1. The four study targets. Target 1 in the red bounding box: Chinese Mainland; Target 2 in
the blue bounding box: Tibet; Target 3 in the yellow bounding box: Taiwan; Target 4 in the green
bounding box: Henan.

Table 1. Target annotation format.

No File Path bbox_x bbox_.y Width Height Label
1 dataset/img_078.jpg 2 8 290 218 Chinese mainland
2 dataset/img_079.jpg 35 20 566 444 Chinese mainland
3 dataset/img_254.jpg 645 820 660 851 Taiwan
4 dataset/img_255.jpg 157 0 476 565 Taiwan
5 dataset/img_411.jpg 44 483 520 745 Tibet
6 dataset/img_412.jpg 15 220 291 365 Tibet
7 dataset/img_446.jpg 609 399 736 511 Henan
8 dataset/img_450.jpg 259 204 309 251 Henan

Table 2. Sample distribution of different targets.

Administrative Region Training Targets Test Targets Total
Chinese Mainland 370 993 1363
Taiwan 1677 585 2262
Tibet 449 452 901
Henan 947 286 1233
Total 3443 2316 5759
3. Methods

The method in this study consisted of four stages: RetinaNet-based detection model
training and prediction (Section 3.1), spatial relationship construction (Section 3.2), co-
existence relationship construction (Section 3.3) and adjustment of target detection probabil-
ity with constructed relationships (Section 3.4). We first built four RetinaNet models for the
target detection of the four different administrative regions, and each image was predicted
by using Single-Target Cascading detection [31] to represent whether the four targets ex-
isted. The predicted results were first assessed by estimating whether the targets co-existed
by using the spatial relationships between different targets according to the two criteria of
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area ratio and centroid orientation. Subsequently, the dependent and independent proba-
bilities of co-existence relationships were used to adjust the detection probability (known
as the prediction confidence score) to improve detection performance. The methodology
framework is shown in Figure 2.

\ 4 A 4 v
(Section 3.1) ( Section 3.2) ( Section 3.3)
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Figure 2. The methodology framework in this study.

3.1. RetinaNet-Based Target Detection Models

RetinaNet is a simple, one-stage object detector composed of two main backbone
networks for generating multi-scale convolutional feature maps of the input image, i.e.,
ResNet50 and Feature Pyramid Network (FPN), where FPN is built on top of ResNet50.
After the FPN backbone, there are two subnetworks: one for classifying anchor boxes and
the other for regressing from anchor boxes to ground-truth boxes. The RetinaNet network
structure used in this study is shown in Figure 3.

/|
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(a) ResNet50 (b) Feature Pyramid Net (FPN) (c) class subnet (top) (d) box subnet (bottorn)

Figure 3. Basic network structure of RetinaNet.

We separately trained four basic RetinaNet models for the four map administrative
region targets. The prediction strategy used in this study was Single-Target Cascading
detection [31]. A full description of this detection model is beyond the scope of this study,
but more information can be found in [31].
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Each image was predicted by using Single-Target Cascading detection to obtain original
results, indicating the presence or absence of the four targets; these represented the input for
the following phase, in which they were adjusted with spatial and co-existence relationships.

3.2. Spatial Relationship Construction

The area ratio and centroid orientation were employed to measure the spatial rela-
tionships between different targets, and their valid ranges were estimated in the training
samples as the statistical criteria to determine whether targets co-existed. As is well known,
different targets occupy relatively stable extents on a map, which results in the relatively
stable area ratio of different targets. Despite various map projections and the distortion
of distance, a stable area ratio of the targets on a map is thus maintained. The area ratio
between the bounding boxes of two targets in each image in the training sample set was
calculated by using Equation (1), and its valid range was calculated with the 3o rule [46,47]
as the criterion to determine whether the targets co-existed.

. aréappox_j
mtzoi =09
aréappox i

@
where mtiog is the area ratio between target i and target j, and areapy,, ; and areapy,,_j are
the areas of the bounding boxes of targets i and j, respectively.

In addition to the area ratio above, representing the spatial extent of the proportional
relationship between two targets, we also introduced centroid orientation to measure
the spatial location relationship between two targets, defined as the tangent of the angle
formed by the two centroids of the two targets’ bounding boxes (Figure 4). Similarly to
the area ratio, the valid range for the centroid orientation was obtained with the 3o rule by
calculating the tangent values for each image in the training sample, and it was used to
determine whether the targets co-existed.

Bbox_j

i beox_i
tani = W (2)

Bbox_i

j. . . . . . Bbox_j Bbox_j
where tan; is the centroid orientation between target i and target j, and dyp;, '~ and dxp,, ~

are the y- and x-difference, respectively, between target i and target j of the centroid point.

Map of China Map of China

e s
§
A\ i A s
2 Cov {0 ) b s =—J
vt ™~ ~ 3 ot N ~ P
\ | e = 4 S ”
1
\\,\» \\/\
\\‘l/\\ \‘\w\
? e o~ .
7&\4"’1_ - P S V&Hr“"’“\. s D
: : )

(a) Original map image (b) Boundary boxes of different targets

L]
centroid i { l

L

centroid j”

centroid i

centroid j*

ceniﬂidj

(c) Centroids of different targets

Figure 4. Illustration of centroid orientation relationship between different targets.
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In the context of predictions generated with the RetinaNet-based Single-Target Cas-
cading model, two administrative region targets are considered to co-exist only when they
concurrently satisfy the criteria of both the area ratio and centroid orientation. Otherwise,
each target exists independently of the other.

3.3. Co-Existence Relationship Construction

Spatial relationships were used to automatically confirm whether two targets co-
existed or not. The dependent probability of target co-existence and the independent
probability of the target were also calculated in the training samples to further estimate the
probability of co-existence, which, in turn, was used to improve the Single-Target Cascading
model detection results. Specifically, based on all training samples with target labels, there
were seven co-existence patterns (Table 3). The dependent and independent probabilities
were calculated with Equations (3) and (4), where Equation (3) represents the probability of
target j co-existing with target i in a map image.

Table 3. Co-existence patterns of different targets in the training samples (where 1 indicates the
existence and 0 the non-existence of a target in an image).

Administrative Region Chinese Mainland
H Taiwan Tibet
Co-Existence Pattern (or Henan)

1 1 1 1
2 1 0 1
3 1 0 0
4 0 1 0
5 1 1 0
6 0 1 1
7 0 0 1

The following dependent and independent probability formulas were derived from
the co-existence patterns shown in Table 3.

j num§
Sl = 3)
num;
alone numo
gglone — i 4)
numg

where Sf represents the existence probability of target j when target i exists in a map image,
i.e, the dependent probability for target j with respect to target i; num; represents the number

of images containing target j; num{ represents the number of images containing both target i
and target j; S7°" represents the independent probability that an image solely contains target
i without including other targets; num, represents the total number of training images; and
num! represents the number of sample images that exclusively contain target i.

3.4. Adjustment of Target Detection Probability with Constructed Relations

We aimed to improve one target’s (hereafter referred to as target i) detection result
with the commission error (see Section 4.4) by using the dependent probability of target
co-existence and the independent probability of the target. When the co-existence of
two or three targets is confirmed by a spatial relationship, the detection probability of
target i can be adjusted with the detection results of the other targets in the same image.
Specifically, the detection probability of target i is adjusted by using the original result of
target j’s detection probability (known as the prediction confidence score) multiplied by the
dependent probability of targets j and i if the latter co-exist in an image (Equation (5)). If
target i exists independently of other targets, its detection probability is adjusted by using
its original detection probability multiplied by its independent probability (Equation (6)).
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The final detection probability of target i is the maximum of all its adjusted detection
probability values (Equation (7)).

j_Sup _ pori i
P = P s 5)
1 i 1
Plgz one _ Piorz x S;«Z one (6)
Pifinal _ maX(P;'_SMP’ Pialone) (7)

where PjO” is the prediction confidence score of target j determined with the Single-Target
Cascading model; S; describes the existence probability of target i when target j exists;

Pl-] P is the prediction confidence score of target j to which the target i detection result

has been added; P?"" is the prediction confidence of target i determined with its detection

model; 579" describes the probability of target i existing independently of other targets;

PZ-“ZO”E is the prediction confidence score of target i existing alone; Pi]‘sup represents the

corrected prediction confidence of target i, which is based on the co-existence-dependent
probability of target i with respect to j; P/ represents the confidence score of target i

existing alone; and Pif 4l is the maximum value among PZ.] "7 and Pi”lf’”e and represents
the final prediction confidence score of target i with different adjusted targets. The value of
PP is 0 when target i does not exist in the image.

4. Experiment and Results

The performance of the proposed methods was evaluated with precision, recall and
the F1 score based on the test data. Precision measures the accuracy of the detected targets,
and recall measures the integrity of detection. The F1 score is a combination of precision
and recall and provides a more comprehensive basis to evaluate a model.

recision = TP (8)
P ~ TP+ FP
TP
recall = TP+ EN 9)
2 X precision X recall
Flscore = 4 (10)

precision + recall

where TP represents the number of correctly predicted targets, FP represents the incorrectly pre-
dicted results, and FN represents the number of targets that have been missed in target detection.

The IOU (intersection over union) was used to evaluate how well the predicted bounding
boxes matched the ground-truth data (Equation (11)). The predicted bounding boxes were
considered to be correct when the IOU reached an empirical threshold of 0.5. We used the
F1 score with an IOU threshold of 0.5 as the final evaluation indicator of the model, where Bp
is the predicted bounding box and Bt is the hand-labeled bounding box of a target.

(11)

4.1. Original Results of RetinaNet-Based Target Detection

Figure 5 shows the original results of the four targets obtained by using Single-Target
Cascading detection. The Taiwan target showed the best performance, with the highest
F1 score value of 0.94, while the Henan target had the lowest F1 score value of 0.75. The
precision-based evaluation results of the detection results of the Henan and Chinese Mainland
targets were significantly lower (only 0.64 and 0.62) than those of the other two targets. All
the metrics of the Taiwan and Tibet target detection results are desirable. Therefore, in this
study, we used the original detection results of the Taiwan and Tibet targets to adjust those of
the Henan and Chinese Mainland targets with spatial and co-existence relationships.
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Figure 5. A comparison of the evaluation metrics of the four targets” original detection results.

4.2. Spatial Relationship between Targets
(1) Arearatio

. Tib __ Aareagpox_Tib . Tai __ redppox_Tai
ratlochi - areuBbox_Ch,- and rathChi - areuBbox_Ch,-

the Chinese Mainland-Tibet and Chinese Mainland-Taiwan targets according to Equation (1).

. Ti areagpox Ti . Tai Aaréappox_Tai
In parallel, ratiol? — Z°Bhox Tib and ratio = —_Bhoxr Tii \yere ysed to measure those of
P ’ Hen areappox_Hen Hen areappox_Hen

the Henan-Tibet and Henan-Taiwan targets.

Table 4 shows that the area ratio of the Chinese Mainland—-Taiwan targets in the training
dataset ranged from 0.002 to 0.020, with a significant interval (mean =+ 30) from 0 to 0.0114,
while that of the Chinese Mainland-Tibet targets ranged from 0.0706 to 0.169, with a significant
interval (mean + 30) from 0.0753 to 0.167. We also plotted the area ratio distributions for the
Chinese Mainland and Taiwan targets, which were found to be normal, with a u of 0.00528
and a o of 0.00203; a similar distribution was observed for the Chinese Mainland and Tibet
targets, with a 1 of 0.121 and a o of 0.0153. It was evident that the two normal distributions
were separable (Figure 6). This can be used to determine whether the area ratio between
two targets is reliable; that is to say, two targets probably co-exist if their area ratio is within the
possible range, and vice versa. Table 5 shows the area ratio distribution for the Henan-Taiwan
and Henan-Tibet targets in the training dataset, and Figure 7 shows a histogram of the area
ratio distributions for the Henan-Taiwan and Henan-Tibet targets.

were used to measure the area ratios of

Table 4. Area ratio distributions for Chinese Mainland-Taiwan (mtio(T:’ifi) and Chinese Mainland-Tibet
(rutiog’,fi) targets in training dataset.

Area Ratio (rati()]l:) Min Max Mean o Mean — 30 Mean + 30
ratiog‘;fi 0.002 0.020 0.00528 0.00203 —0.00081 (set 0) 0.0114
mtiogﬁ- 0.0706 0.169 0.121 0.0153 0.0753 0.167

Table 5. Area ratio distributions for Henan-Taiwan (ratioITf;n) and Henan-Tibet (mtioﬂfn) targets in
training dataset.

Area Ratio (ratio]l:) Min Max Mean o Mean — 30 Mean + 30

ratiol?, 0.0963 0756 0250  0.0638 0.0586 0.441
ratiolit, 4723 8867 6195 0.659 4218 8.172
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Figure 7. Histogram of area ratio distributions for Henan-Taiwan (blue) and Henan-Tibet (red) targets.

(2) Centroid orientation

Bbox_Tib Bbox_Tai

tanlb. = % and tani, = % were employed to measure the centroid orien-
Bbox_Chi Bbox_Chi
tation of the Chinese Mainland-Tibet and Chinese Mainland-Taiwan targets in the training

i abeox_Tib . beox_Tai
dataset according to Equation (2). In parallel, tanTit = axggg% and tani = axg;z% were
Bbox_Hen Bbox_Hen

employed to measure that of the Henan-Tibet and Henan-Taiwan targets.

Table 6 shows that the centroid orientation of the Chinese Mainland-Taiwan targets
in the training maps ranged from 0.404 to 1.413, with a significant interval (mean + 30)
from 0.393 to 1.119, while that of the Chinese Mainland-Tibet targets ranged from —1 to
0.233, with a significant interval (mean =+ 30) from —0.753 to 0.0988. We also plotted the
centroid orientation distributions of the Chinese Mainland and Taiwan targets, which were
found to be normal, with a i of 0.756 and a ¢ of 0.121; a similar distribution was observed
for the Chinese Mainland and Tibet targets, with a n of —0.327 and a o of 0.142. It was
evident that the two normal distributions were separable (Figure 8). Similarly to the area
ratio, this can be used to determine whether the centroid orientation between two targets
is reliable; that is to say, two targets probably co-exist if the centroid orientation is within
the possible range, and vice versa. Table 7 shows the centroid orientation distribution
parameters and interval estimates for the Henan-Taiwan and Henan-Tibet targets in the
training dataset, and Figure 9 shows a histogram of the centroid orientation distributions
for the Henan-Taiwan and Henan-Tibet targets.

The valid ranges for the area ratio and centroid orientation were determined by using
the significant intervals above. For target prediction based on the Single-Target Cascading
model, only when two administrative region targets simultaneously fall within the valid
ranges (i.e., significant intervals) of area ratio and centroid orientation are they considered
co-existent; otherwise, each target exists independently of the other target.
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Table 6. Centroid orientation distribution parameters and interval estimates for Chinese Mainland-
Taiwan (tan’®.) and Chinese Mainland-Tibet (tangfi) targets in training dataset.

Chi
Centroid Orientation (t‘mz:) Min Max Mean o Mean — 30 Mean + 30
tangfi 0.404 1.413 0.756 0.121 0.393 1.119
tungfi -1 0.233 —0.327 0.142 —0.753 0.0988
tanf
Tib
. 301 —tancp;
[}
C
s
o 20
2 |
= 1
10 A | ‘
‘ L L ‘ . ‘ ‘
0 I‘ — = “ T ‘ ‘ ‘ ‘ T - T T
-1.0 -0.5 0.0 0.5 1.0
centroid orientation
Figure 8. Histogram of centroid orientation distributions for Chinese Mainland-Taiwan (blue) and
Chinese Mainland-Tibet (red) targets.
Table 7. Centroid orientation distribution parameters and interval estimates for Henan-Taiwan
(tun[T_fﬂfn) and Henan-Tibet (tungé’n) targets in training dataset.
Centroid Orientation (tanﬁ) Min Max Mean o Mean — 30 Mean + 30
tan{f‘gn 0.810 1.958 1.328 0.148 0.884 1.772
tungfn —0.136 0.207 —0.0613  0.0409 —0.184 0.0614
20 4 “ tanh3,
tanTib
15 4 Hen
>
5
S0f |
y
|
0 [ I | , , : ,
0.0 0.5 1.0 1.5 2.0
centroid orientation
Figure 9. Histogram of centroid orientation distributions for Henan-Taiwan (blue) and Henan-Tibet
(red) targets.
4.3. Co-Existence Relationship Construction for Chinese Mainland Target
Table 8 shows the number of different co-existence patterns in the training dataset.
Table 8. Distribution of co-existence patterns in training samples.
Co-Existence Pattern 1 2 3 4 5 6 7
Number (Chinese Mainland) 1305 28 3 585 3 5 180

Number (Henan) 839 7 0 506 82 471 201
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Table 9 lists the dependent probabilities for different co-existence patterns of the
Chinese Mainland-Tibet, Chinese Mainland-Taiwan, Henan-Tibet and Henan-Taiwan
targets, determined according to Equation (3), as well as the independent probability of the
Chinese Mainland and Henan targets existing alone, determined according to Equation (4).

Table 9. Dependent and independent probabilities for different targets and corresponding co-existence

patterns.
Co-Existence Pattern Probability Calculation Value
Chinese Mainland-Tibet sChi — szﬁ’z = il 0.88
Chinese Mainland-Taiwan S%ii — ’ZZZ%: = 3051J§g§5;§r+33+5 0.69
Chinese Mainland alone S?gﬁlne — ZZZZ%ZI — ﬁ 0.0014
Henan-Tibet SIT_IF; = %ﬁ?: = 839+§3L94_%+210 0.554
Henan-Taiwan S%ﬁ” = %Tni = 839+gggig%+471 0.485
Henan alone galone %m%ﬂn = 0 0

4.4. Adjusted Detection Results for Chinese Mainland Target

Table 10 shows the original prediction confidence score adjustment and final prediction
confidence calculation according to Equations (5)—(7).

Table 10. Prediction confidence adjustment for Chinese Mainland and Henan targets.

Co-Existence Pattern Confidence Score Adjustment Formula

Chinese Mainland-Taiwan plaiSup _ pori o gChi

Chi Tai Tai
Chinese Mainland-Tibet PCTZ*S g P%l; X S(lehb’
Chinese Mainland alone Pgllfi”e = Pghii X S“Clﬁfe
Final detection probability pJCf ;’;“l — max ( PCTILZ'SW' P(Tt}ilzsup/ Pg?llfine)
Henan-Taiwan PIE”E%SW = P%i, X STHu‘?i”
Henan-Tibet PIS?JSW = P%l; X S%Eb”
Henan alone Pﬂ%e = Pﬂén X S‘ﬁgze
Final detection probability pgg’:l = max < pg”el;fup, pgf”l’, Pﬁl%g)

Figure 10 shows the detection results for the Chinese Mainland before (a) (incorrect
results) and after (b) (correct results) their adjustment with spatial and co-existence rela-
tionships; their comparison indicates that the prediction confidence score of the Chinese
Mainland target was decreased by applying spatial and co-existence relationships. For
example, in the first row of Figure 10, the prediction confidence score values are 0.77 and
0.0011 before and after adjustment, respectively. This visually confirmed that the incorrect
detection result could be successfully eliminated, which improved the precision score of
the Chinese Mainland target detection results. Similarly, the incorrect detection results of
the Henan target could be successfully eliminated, as shown in Figure 11.

Figure 12 shows that some test images with correct Chinese Mainland target detection
results were mistakenly removed after adjustment.

Figure 13 shows that some test images with correct Henan target detection results
were mistakenly removed after the adjustment.
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Figure 10. Incorrect target detection results for Chinese Mainland target before (a) and after (b)
adjustment with spatial and co-existence relationships. Red box: Chinese Mainland target; green box:

Tibet target; blue box: Taiwan target.
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Figure 11. Incorrect target detection results for Henan target before (a) and after (b) adjustment with
spatial and co-existence relationships. Yellow box: Henan target; green box: Tibet target; blue box:

Taiwan target.
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Figure 12. Chinese Mainland target’s correct detection results (a) were removed after (b) adjustment

with spatial and co-existence relationships. Red box: Chinese Mainland target; green box: Tibet target;
blue box: Taiwan target.
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Figure 13. Henan target’s correct detection results (a) were removed after (b) adjustment with spatial
and co-existence relationships. Yellow box: Henan target; green box: Tibet target; blue box: Taiwan target.
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Figure 14 shows a comparison of the map detection accuracy rates for the Chinese
Mainland target before and after the adjustment of the prediction probability. Following
prediction confidence score correction, the detection of the Chinese Mainland target in
the same test dataset showed significant improvement, with an R, P and F1 score of 0.82,
0.96 and 0.88, respectively. The probability adjustment resulted in a 12% increment in the
F1 score, even though the recall value decreased; precision increased by 34% to a value
of 0.96, which indicates that the commission error of the Chinese Mainland target was
significantly eliminated. Regarding the Henan target, the F1 score increased by 2% after
the adjustment of the prediction probability, as shown in Figure 15.
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Figure 14. Changes in evaluation metrics for Chinese Mainland target after adjustment.

0.95 0.92

0.9

0.85 0.83

0.8 0.77
0.75

0.75 0.72
0.7
0.65 0.64
0.6

0.55

0.5
Recall Precision F1 score

B before [ after

Figure 15. Changes in evaluation metrics for Henan target after adjustment.

5. Discussion
5.1. Improvement in Precision and F1 Score of Target Detection Results Following Adjustment
The Single-Target Cascading detection model based on RetinaNet identifies targets

in images by extracting the color and texture features of objects; however, it is challeng-
ing to integrate the relationships between targets into the model. Previous studies have
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rarely taken the relationships between targets into account. However, maps, as carri-
ers of geographic information, display very strong spatial correlations among different
administrative region targets.

In this study, we integrated the spatial and co-existence relationships between the
targets with higher accuracy (i.e., Taiwan and Tibet) to optimize the model detection results
of the targets with lower accuracy (i.e., Chinese Mainland and Henan), based on the original
target detection results. The area ratio and centroid orientation were used to measure the
spatial relationships, which were used to determine whether two targets co-existed or
not. Moreover, we obtained the dependent and independent probabilities of the Chinese
Mainland and Henan targets by calculating the distribution of the co-existence patterns
and used them to measure the co-existence relationships between different targets in a map;
then, they were used to adjust the prediction confidence scores of the Chinese Mainland
and Henan targets. Thus, the relationships between different targets act as a tool to improve
the target detection model’s accuracy.

The results of this study clearly show that the spatial and co-existence relationships
between the Chinese Mainland and Taiwan, as well as those between the Chinese Mainland
and Tibet, significantly contributed to the improvement in detection accuracy for the
Chinese Mainland target. The Chinese Mainland target detection results were adjusted
by using the high-precision model (Taiwan and Tibet) with these relationships to obtain a
34% improvement in precision and a 12% improvement in F1 score, which indicate strong
usability. Regarding the Henan target, the detection results showed an 8% improvement in
precision and a 2% improvement in F1 score. We noticed that the area ratio distribution for
the Henan-Tibet (ratio[1¢,) targets had a high ¢ value (0.659), which means that it was not
stable and directly led to poor precision and F1 score adjustment.

5.2. Loss of Recall in Target Detection Results Following Adjustment

A small portion of the correct Chinese Mainland and Henan target detection results
were erroneously removed after the adjustment, as shown in Figures 12 and 13, because
the area ratio or centroid orientation fell outside the valid range. This erroneous removal of
targets reduced the recall score (see Figures 14 and 15) of the Chinese Mainland and Henan
target detection results.

The Chinese Mainland and Henan targets’ prediction confidence scores were decreased
by S”Clﬁfe and S79m¢, respectively, if the Taiwan and Tibet targets were not identified by the
models in the same map, which means that the recall loss for other targets accumulated in
that for the Chinese Mainland and Henan targets. However, the valid ranges for the area
ratio and centroid orientation could also affect the recall score for the Chinese Mainland and
Henan targets. In future research, we will calculate the significant intervals from a growing
dataset or infer them from input images with a network rather than obtaining them by
performing statistical analysis on a small, manually annotated, fixed training dataset.

5.3. Limitations of Spatial Relationship Measurement

There are also some limitations to the proposed adjustment method. The valid ranges
for the area ratio and centroid orientation are essential to spatial relationship construction.
Moreover, they can also easily influence co-existence determination. In this study, we
derived the valid ranges from the statistical analysis of the training samples with the simple
3o rule [43,44]. The distribution of the training samples was biased relative to the overall
image data. Therefore, comprehensive insights into the overall data distribution remain
elusive due to the limitations of our sample dataset, and the generalization of the valid
ranges acquired in this study appears to be limited. Moreover, the bias of the valid ranges
decreased the recall score of the Chinese Mainland target’s detection results in this study.
Spatial and co-existence relationship patterns should be explored with more advanced
methods, such as dot-product attention [48], to investigate their complex nature.
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6. Conclusions

In contrast to existing research focused on optimizing the structure of object detection
models, in this study, we established a method to improve target detection results with low
accuracy by adjusting those with higher accuracy with spatial and co-existence relationships.

In this study, the Chinese Mainland, Taiwan, Tibet and Henan were taken as target
examples, and the Single-Target Cascading model was applied to map images for original
target detection. At the same time, spatial and co-existence relationships were used to
improve target detection precision for the Chinese Mainland and Henan targets. We used
the area ratio and centroid orientation to measure the spatial relationship between two
targets and the dependent and independent probabilities of different targets to measure
their co-existence relationships.

In this study, we used the relationships between different targets to decrease the recall
score and improve precision for the detection of the Chinese Mainland and Henan targets,
thus balancing the two metrics.

The results demonstrate that the use of spatial and co-existence relationships between
different administrative regions can significantly improve overall detection accuracy by
making use of the high-accuracy advantage of one model to improve another. In this work,
the Chinese Mainland and Henan targets, which had smaller training datasets, obtained
higher F1 score values after the detection result adjustment. In conclusion, the relationships
between different targets in a map are valuable, as they can reduce the labor-intensive
nature of training data preparation. The results of this study provide a basis for improving
the efficiency of map search and intelligent map interpretation.
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